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 Obesity status, which is based on arbitrary cutoffs along the BMI distribution, is a salient 
feature of medical charts and may be used heuristically by physicians to decide whether to test their 
patients for obesity-related diseases. Using nationally representative datasets and a regression 
discontinuity design, I explore whether there are differences in diagnosis and treatment outcomes 
among individuals very close to the obesity cutoff at BMI=30, assuming no underlying differences in 
health. I find evidence that women above the obesity threshold are significantly less likely to be told 
they are diabetic, have high blood pressure, or have coronary heart disease. Men just above the 
obesity threshold are more likely to be told they have a heart condition, but are less likely to report 
being advised by their physicians to change their behaviors to reduce risk of developing heart 
disease. These results suggest physicians use the obesity threshold heuristically, which could have 
detrimental implications for subsequent health outcomes: individuals below the threshold could be 
under-treated, while individuals above it may be over-treated. The prevalence and effects of 
heuristics in medicine should be investigated more thoroughly to improve physician-patient 
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I. Introduction  
 The ideal interaction between a physician, her patient, and the patient’s resulting medical 
outcome can be described using standard principles of economic equilibrium. A patient supplies his 
physician with all pertinent information about his health. The physician, a rational, unbiased 
decision-maker, uses that information and her medical knowledge to customize the optimal treatment 
plan for her patient. With the abundance of medical tests now available, a physician is likely able to 
make well-informed decisions about how to treat her patient. However, this ideal interaction assumes 
the physician’s decision is not influenced by anything else besides information applicable to the 
patient’s health, such as preconceived notions about her patient, a recent interaction with another 
patient, or the profit potential of possible procedures. It is also easy to imagine that a physician may 
occasionally be unsure of how to proceed due to, for example, inconclusive test results and must rely 
on other types of information to make a diagnosis and determine the treatment path. In fact, research 
in health and behavioral economics suggests it is inappropriate to model a physician as a purely 
rational decision-maker: there is substantial variation in physician decision-making, and the optimal 
outcome is not always achieved (Abuluck et al., 2016; Johnson and Rehavi, 2016; Finkelstein et al., 
2014). I seek to expand on this literature by exploring one type of influence on a physician’s 
treatment recommendations: heuristics, or rules of thumb.  
 Heuristics are commonly used in a variety of contexts, from determining financial aid 
eligibility to deciding a student’s grade in a class, and are simple ways to make decisions more 
efficiently. Like any form of estimation, heuristics are not perfect and will not always lead to the 
“best” or “correct” decision. The potential consequences of using heuristics in medical practice make 
them particularly worthy of investigation. For example, if doctors use an age cutoff such as “age 40” 
to determine whether a patient should be tested for heart disease, a patient who visits the doctor just a 
few days before turning 40 may not be tested and will be left untreated, while a patient whose 40th 
	 6 
birthday was just a few days earlier may be tested and subsequently given a treatment he does not 
necessarily need.1 In both cases, the heuristic could make a patient worse off and have detrimental 
health effects.  
 Obesity status, based on body mass index (BMI), could be a heuristic used by physicians. 
BMI and obesity status—underweight, normal, overweight, or obese— are salient features of medical 
charts, often listed just after the patient’s age and gender. While higher BMI is associated with a 
higher probability of developing hypertension, Type II diabetes, heart disease, stroke, certain cancers, 
and some mental illnesses, it is unclear if obesity categories—based on arbitrary cutoffs along the 
BMI distribution—influence how doctors decide to treat their patients. For example, a doctor with a 
patient whose symptoms are not conclusive might be more likely to test for heart disease if the 
patient has a BMI of 30 (classified as obese) rather than 29.9 (classified as overweight) because that 
categorization makes the possibility of heart disease more salient for the physician. Similar to the 40th 
birthday example, even though such a small difference in BMI probably does not appreciably change 
the risk of disease for a patient, the physician may act as if it does. This creates potential for under- 
or over-treatment of patients who lie on one side of the cutoff, and those differences in treatment—
such as getting the appropriate medication—could have profound impacts on subsequent health. 
 In this paper, I look for evidence of heuristic decision-making around the obesity threshold 
(BMI=30) using a regression discontinuity design and three nationally representative datasets. There 
are two key identifying assumptions of the empirical strategy. First, the obesity threshold must be 
arbitrarily defined. Second, individuals close to the threshold on either side must not have 
systematically different underlying health and healthcare utilization characteristics; they must differ 
only in whether they are classified as “overweight” or “obese.” While there may be a relationship 
between BMI and some health outcomes, like getting tested for heart disease, if the underlying health 																																																								
1 For example, a test may show a false positive, which may cause the doctor to prescribe a medication with harmful 
side effects. In some cases, the test itself can be risky and lead to worse health. I define this as “over-treatment”. 
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of individuals close to, but on opposite sides of, the obesity threshold is the same, there should no 
difference in their health outcomes. In other words, the threshold should not create any systematic 
differences in health. I hypothesize, however, that in cases in which a doctor faces uncertainty about 
how to treat her patient, she may rely on the obesity threshold to aid in her decision-making, creating 
a jump, or discontinuity, in BMI-associated health outcomes that is only due to the difference in the 
physician’s decision at the obesity threshold.  
To test my hypothesis, the three datasets I use are the National Health Interview Surveys 
(NHIS) from 1980 to 2016, the Behavioral Risk Factor Surveillance System (BRFSS) from 1987 to 
2016, and the National Longitudinal Survey of Youth (NLSY79) from 1979 to 2014.  Both the NHIS 
and the BRFSS are cross-sectional datasets that ask for respondents’ height and weight at the time of 
the survey and collect information about their interactions with the health care system, including 
health insurance status, frequency of doctors’ visits, and diagnosis of certain medical conditions. The 
detailed health status information allows me to approximate, with some assumptions, both the 
respondents’ BMI status at the time they saw a doctor and the subsequent medical decisions the 
doctor made. This also allows me to predict whether patients with a BMI just under the obesity 
threshold have different healthcare interactions than patients with a BMI just above the threshold.2 
The NLSY79, a longitudinal dataset, asks for respondents’ height and weight at different points in 
time, including just before a female respondent becomes pregnant. It also details the birth delivery 
method for female respondents’ children. This allows me to approximate the BMI of a mother just 
before she was pregnant and estimate whether, conditional on having a BMI near 30, she is more or 
less likely to deliver via Cesarean section.  
I find evidence that women just above the obesity threshold are significantly less likely to be 
told they are diabetic, have high blood pressure, or have coronary heart disease. Men just above the 																																																								
2	The survey-data format, however, imposes some limitations on this causal interpretation, which I address in detail 
in Section III.	
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obesity threshold are more likely to be told they have a heart condition, but are less likely to report 
being told to change their diet or exercise habits in order to reduce risk of developing heart disease. 
The discontinuity results with respect to Cesarean sections are inconclusive, likely due to the small 
sample size. Overall, these results suggest that physicians may use the obesity threshold at BMI=30 
to decide how to treat their patients. This further implies there may be stark differences in health 
outcomes on either side of the cutoff, even when underlying differences in health are negligible.    
 The remainder of the paper is organized as follows: Section II provides background on the 
body mass index and obesity in the United States, reviews recent literature documenting heuristics in 
medical decisions, and motivates why the obesity threshold is a plausible heuristic. Section III 
describes the data sources used in my analysis, and Section IV explains the empirical strategy. 
Section V presents the results, and Section VI concludes.  
II. Background and Literature Review  
BMI and Obesity in the United States 
 Body mass index, or BMI, is a function of an individual’s height and weight, and can be 
calculated two ways: 
(1)   𝐵𝑀𝐼 =  !"#$!! (!"#$%&)!!"#!! (!"#!!")!  𝑥 703   
 
(2)                  𝐵𝑀𝐼 =  !"#$!! (!"#$%&'())!!"#!! (!"#"$%)!     
BMI is then discretized into categories based on arbitrary cutoffs to determine obesity status.  
Individuals with a BMI less than 18.5 are considered underweight; between 18.5 and 25, normal; 
between 25 and 30, overweight; and 30 and above, obese.3  
																																																								
3The Body Mass Index (BMI) was developed by statistician Adolphe Quetelet in the 19th century, whose goal was to 
find a relationship between human height and weight that fit a Gaussian distribution. Post-WWII, insurance 
companies began using it as a determinant of health insurance premiums after noting their heavier clients had higher 
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BMI is often used as a proxy for total body fat; however, it is in fact a measure of body 
weight, not fat, so it may falsely identify a healthier individual, perhaps with high muscle mass, as 
being obese, while individuals with lower BMI but a high percentage of fat may be considered 
healthier. Additionally, researchers developed the index by studying predominantly white 
populations and setting arbitrary obesity cutoffs, and yet the measure is commonly applied to all 
patients. It is pertinent to investigate, then, how physicians use BMI and obesity cutoffs in medical 
decisions and what effects those decisions have on patients.  
In 2016, 36.5% of U.S. adults were classified as obese, compared to 15% four decades earlier 
(Ogden et al., 2015; National Center for Health Statistics, 2008). This reflects an upward trend in the 
average adult BMI in the United States that can be attributed to increases in the average body weight. 
The probability density plots in Figure 1, constructed using height, weight, and BMI data from the 
NHIS from 1980 to 2016, highlight this trend: while the height distribution has not changed in each 
decade since the late 20th century, the weight distribution has shifted right in each consecutive period, 
leading to an overall shift in the BMI distribution. This rightward shift is concerning given the 
physical, emotional, and financial costs of obesity. In 2008 dollars, the medical care costs of obesity 
were estimated to be $147 billion, and productivity losses due to obesity were estimated to be 
between $3 billion and $6 billion (Finkelstein et al., 2009; Trogdon et al., 2008).  These striking 
figures, combined with the proposed link between obesity and health outcomes, have made obesity a 
topic of national conversation and focus of some policymakers, and are cited as reasons for BMI to 




mortality rates (Eknoyan, 2008). Current cutoffs for the obesity categories were established from observational and 
epidemiologic studies evaluating BMI and risk of morbidity and mortality (National Institutes of Health, 1998).     	
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Modeling Medical Decision-Making 
 Classical economic theory assumes that all agents in a transaction have perfect information 
and act rationally, which leads to the optimal outcome for all participants. As Avorn (2018) points 
out, this theory is fundamentally flawed in the context of medicine: it is an uncertain environment 
with high associated costs, and both physicians and patients can act irrationally. In fact, a 
considerable body of research has revealed substantial variation in physician decision-making when 
one would expect physicians to reach similar conclusions. There is evidence, for example, that 
reimbursement incentives drive physicians to recommend C-sections to their non-physician patients 
(Johnson & Rehavi, 2016). Finkelstein et al. (2014) estimate that half of the geographic variation in 
healthcare costs is due to physician-specific factors rather than patient demand. Using data on CT 
scans ordered for Medicare patients visiting the ER, Abaluck et al. (2016) finds that (1) physician 
experience level is negatively correlated with ordering CT scans for patients, and (2) physicians do 
not efficiently use the information available to decide whether to order a test: riskier patients are 
tested less often, while lower-risk patients are tested more often. Acknowledging and investigating 
the role heuristics play could provide a useful framework for understanding, in part, how clinicians 
make decisions.4  
The biggest concern, though, is not that heuristics are used at all in medicine, but that their 
improper use can lead to detrimental systematic errors. In an extreme but hypothetical case, a patient 
who falls just below the obesity cutoff and is not assessed for cardiovascular risk could later suffer 
from a heart event that could have been prevented if the doctor had not used the heuristic and had 
tested the patient. The potential for missed diagnoses alone should drive efforts to fully understand 
how heuristics influence physician-patient interactions and health outcomes. 
																																																								
4 For a more detailed framework of heuristic decision-making, see Tversky and Khaneman (1974), who propose 
three types of heuristics that individuals commonly employ when facing uncertainty. 
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The possible impact these heuristics and guidelines can have on patients’ treatment paths is 
highlighted by the ease with which they can be changed. For example, in November of 2017, the 
American College of Cardiology and American Heart Association announced new standards for the 
assessment and treatment of hypertension. Previously, hypertension was defined as having blood 
pressure at or above 140/90 mmHg; the change lowered the threshold for hypertension to 130/80 
mmHg (Welton et al., 2017).  On the one hand, this could allow more patients who would benefit 
from the treatment to be tested for hypertension, but may have been missed under the previous 
guidelines. On the other hand, it could lead to over-medication of patients who are perhaps mildly 
hypertensive or happened to have a higher blood pressure at the time it was measured. Regardless of 
the policy change, the cutoff itself could lead to under-treatment of individuals just below the cutoff, 
or over-treatment of individuals just above it. This is the fundamental issue with heuristic decision-
making in medicine: if these arbitrary guidelines are strictly adhered to, some patients may be under 
diagnosed while others may be over-treated, which could lead to nontrivial disparities in health 
outcomes.  
How can heuristic thinking be avoided? One possible solution, proposed by Thaler and 
Sunstein (2008), is to use a nudge, something that pushes an individual towards an optimal choice 
without mandating it or limiting her options. For example, electronic decision support systems could 
be used in situations where heuristic thinking has proven problematic. Avorn (2018) suggests that 
putting the best drug as the default setting in a drug order system could nudge physicians towards 
ordering the “right” prescription. This has its own limitations, though; a drug that may be appropriate 
for the average patient may not be appropriate for all. These systems also tend to have unnecessarily 
sensitive warning systems in place to reduce liability, which in turn causes physicians to override 
most warnings—perhaps even the more critical ones (Kesselheim et al., 2011). Still, as Coussens 
(2017) points out, for physicians pressed for time or under substantial uncertainty, technology can be 
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an effective way to reach the optimal outcome while allowing the physician to focus on other aspects 
of medicine that cannot be automated. Vickrey, et al. (2010) has a simpler proposal: merely making 
physicians aware of heuristics and providing them with mental exercises to analyze their decisions 
may be sufficient to identify their biases and limit flawed decision-making.  
Empirical strategies to estimate the effects of heuristics  
 Despite the prevalence of heuristics in medicine, only recently have econometric methods 
been used to determine how they might affect patient outcomes. Since these heuristics are often 
related to a continuous variable with an arbitrary threshold, they lend themselves well to regression 
discontinuity (RD) design strategies. The key identifying assumption is that individuals close to an 
arbitrary threshold on either side are otherwise identical in underlying observable and unobservable 
characteristics.  
Successful implementation of this strategy has shown compelling evidence of heuristic 
decision-making in modern medicine. Coussens (2017) looks for evidence of heuristics in diagnosis 
of ischemic heart disease (IHD) among ER patients near age 40, since patients above age 40 are 
thought to be at higher risk. He finds that patients who visit the ER just after their 40th birthday are 
0.89 percentage points more likely to be tested for and 0.13 percentage points more likely to be 
diagnosed with ischemic heart disease than those who are just under age 40. These estimates are 
nontrivial; they translate to a 10% and 20% increase in testing and diagnosis rates, respectively, 
suggesting there are patients just below age 40 whose IHD is going undiagnosed and untreated.  
Almond et al. (2010) find differences in mortality rates, costs, and health outcomes for babies 
born on either side of the Very Low Birth Weight (VLBW) threshold (1500 grams or less). They 
report that infants born weighing just below 1500 grams, qualifying them for increased medical 
attention, have lower mortality rates and higher medical costs than infants born just above the VLBW 
cutoff. The infant mortality rate is estimated to be 1.21 percentage points lower for infants below the 
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cutoff, which translates to a 22% decrease relative to the mean mortality rate of 5.53% for infants 
within just 3 ounces of the threshold. They estimate this additional care adds $4,000 in hospital costs 
for infants born below the VLBW threshold relative to average hospital costs of $40,000 just above 
it. The quality of the hospital may also affect the discontinuity: they find the reduction in mortality 
rate just below the threshold is greater in magnitude for hospitals with lower-level care and those 
lacking an intensive care unit. Not only do these dramatic estimates suggest the treatment for very-
low-birth-weight babies is effective, it also implies that the heuristic can play a significant role in a 
baby’s survival: there are infants just above the threshold who may have survived had they been 
given the treatments, rather than being screened out by the heuristic decision-making.  
Bharadwaj and Neilson (2011) similarly find that in the first year of life, infants born just 
under the VLBW threshold have a 4.5 percentage-point decrease in mortality rate, a 37.5% decrease 
relative to the mean of 12%. Differences on either side of the threshold persist later in life in areas 
besides health. Infants born below the threshold tend to perform better in school. On average, they 
score 0.2 and 0.1 standard deviations higher in math and English tests in primary school than their 
counterparts on the other side of the cutoff (conditional on being at least 32 weeks in gestational age 
at birth). To the extent that educational attainment affects future employment and other life 
outcomes, these results suggest the heuristic is leaving behind infants who would benefit from the 
additional treatment.  
Clearly, decisions based on these thresholds can have critical impacts on patients’ health. 
Still, the current body of research documenting their effects and proposing strategies to reduce their 
consequences is insufficient, especially compared to the prevalence of heuristics in medicine. 
Evidence of Obesity as a Heuristic   
 While obesity categories could be a heuristic just like the Very Low Birth Weight cutoff or 
age thresholds for cardiovascular risk, no known studies have used the regression discontinuity (RD) 
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design to examine the effect of the threshold in the clinical setting. Here, I motivate why the obesity 
cutoff could be a heuristic by examining how it is discussed in the medical field.  
 A patient’s BMI and obesity status are prominent features of medical charts. Beyond this, 
standard medical practices suggest that obesity thresholds do factor into a physician’s treatment 
recommendations. The National Institutes of Health have developed clinical guidelines based on 
obesity cutoffs for assessing patients’ risk for obesity-related diseases, including a treatment 
algorithm.5  For example, if a patient has a BMI greater than or equal to 25, it is suggested that his 
physician assess for other risk factors (such as coronary heart disease); if his BMI is greater than or 
equal to 30, the physician is further advised to suggest a weight loss strategy and develop a plan to 
lower risk factors. However, these are guidelines rather than strict regulations, so there may be 
substantial variation in the way hospitals, private practices, or specific specialties treat obesity. 
There is, in fact, evidence of differences in the way different areas of medicine treat obesity 
status. Descriptive studies suggest the categories play a prominent role in the decision for a pregnant 
woman to deliver via Caesarean section (C-section). Berendzen and Howard (2013) find that 
overweight and obese pregnant women are more likely to have a C-section than women in the 
“healthy weight” category, and Abenhaim and Benjamin (2011) find that the decision to deliver via 
C-section is made at an earlier stage in labor for women with higher BMI.  
Organ transplants are another area in which obesity may play a role. The Johns Hopkins 
Comprehensive Transplant Center lists a BMI above the obesity threshold to be a “relative 
contraindication” for a patient being considered for a lung transplant. Research on adverse outcomes 
of heart transplants has led to a standard requirement that patients have a BMI of less than 35 in order 
to qualify (Wever-Pinzon et al., 2015). These medical procedures can be life saving and are often 
																																																								5	See Appendix Figure 1 for the treatment algorithm proposed by the NIH in their Clinical Guidelines on the 
Identification, Evaluation, and Treatment of Overweight and Obesity in Adults (1998).		
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performed as a last resort, motivating the need to understand if there are important differences in the 
care and health outcomes of individuals near these thresholds.  
 Correlational studies have also repeatedly found positive associations between BMI and 
morbidity for hypertension, type II diabetes, coronary heart disease (CHD), stroke, osteoarthritis, and 
some types of cancer (NIH, 1998). In sum, the evidence—which doctors, in theory, are also aware 
of—provide ample opportunity for an obesity heuristic to be employed. If a physician is faced with 
uncertainty about how to treat her patient potentially suffering from these obesity-related conditions, 
she may rely on the obesity cutoff.  Yet, a systematic review conducted by the NIH (2013) finds no 
evidence that the current obesity cutoffs predict increased risk for these diseases relative to other 
potential cutoffs. This provides perhaps the largest motivation for my study: if there is little empirical 
evidence that these well-established cutoffs are important, how are they impacting the health 
outcomes of patients at this threshold?  
III. Data and Descriptive Statistics  
 My research question considers whether the obesity status of a patient, particularly if very 
close to the obesity threshold, influences the way he interacts with the health care system and the 
types of medical procedures his physician requests. Medical records data is the ideal data source in 
which to test whether physicians make different decisions for their patients at the obesity threshold. 
Height and weight are typically measured and BMI calculated at the time of the visit, and at the end 
of the visit, doctors order particular tests.  Later, diagnoses based on those tests and treatments can be 
linked to the BMI measures. Since I do not have access to medical records data, I rely on nationally 
representative survey data.  In two of the data sets, individuals are asked about their height and 
weight at the time of the survey, allowing for a BMI calculation, but are asked retrospective 
questions about medical tests and diagnoses.  This could lead to misclassification of their BMI 
relative to the obesity threshold if patients have gained or lost weight since the time of their 
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diagnosis. In one of the data sets, I relate BMI and obesity measured earlier than the medical 
decision, coming closer to the sequencing that influences medical records.  Nonetheless, in all three 
data sets, there is likely measurement error in my BMI and obesity measures relative to the 
information that the physician sees when she is making her decision.  This will be discussed in more 
detail below as I describe the different data sets I employ, and the consequences of the measurement 
error for my findings will be addressed.  The three data sets I use are the National Health Interview 
Survey (NHIS), the Behavioral Risk Factor Surveillance System (BRFSS), and the National 
Longitudinal Survey of Youth (NLSY79).  
NHIS  
I use the National Health Interview Survey (NHIS) from 1980 to 2016 for the majority of my 
analysis. The NHIS is an individual-level, cross-sectional dataset that provides a wide range of health 
and demographic information for adults age 18 and above in the United States. Each year of the 
sample contains approximately 100,000 individuals from 42,000 households. I use this dataset to 
obtain individuals’ height, weight, BMI, demographic characteristics, and health care interactions. I 
focus on health outcomes most likely correlated with BMI: diabetes, hypertension, coronary heart 
disease, angina, heart attack, and “other heart conditions”.6 Respondents report their height in inches 
and weight in pounds. For BMI, I use a calculated variable, available through the NHIS, that is 
constructed using the height and weight data. The health outcomes data used is imperfect in that it is 
generally retrospective and asks respondents whether a doctor told them they have a particular 
condition, not when or if they were tested. While some survey questions do ask if the patient 
currently has a particular condition, which may align more accurately with their BMI status, again, 
this may only resolve measurement error if the individual was recently diagnosed.  Additionally, 
many of these questions are asked in only a few years of the survey and have a small sample size; 
																																																								
6 Defined by the NHIS to be any condition other than angina, coronary heart disease, or heart attack 
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thus, I do not use them in my analysis.7 I assume that the respondents’ BMI is the same as their BMI 
at the time they were told they had a particular condition; however, this assumption has a 
considerable limitation in that respondents may have changed their weight, and therefore BMI, as a 
result of having been told they have a certain BMI-related health condition. This would make it more 
likely to find individuals with a condition below the threshold than above it. This limitation impacts 
the interpretation of my results, discussed in section V.  
A second limitation is that this data cannot isolate a physicians’ decision to order a test, 
which is where the heuristic would be employed. For example, one survey question asks whether a 
physician has ever told the respondent she is diabetic. An affirmative response means that (1) the 
respondent visited a doctor, (2) the doctor tested the respondent for diabetes, and (3) the respondent 
has diabetes. Someone with a BMI just above the obesity threshold could affect the first two points: 
individuals who know they are categorized as obese may make a different decision about seeing a 
doctor—perhaps because they think the doctor will only talk about their weight. Or, conditional on 
seeing a doctor, the doctor may use the heuristic and make different decisions about testing for 
obesity-related diseases. Regarding the third point, whether a patient actually has diabetes should not 
differ based on whether his BMI is just below the cutoff, such as 29.9, versus at or just above the 
cutoff at 30. I present some evidence that underlying health, health insurance status, and visits to the 
doctor do not differ for those just below and just above the obesity threshold. Thus, I will interpret 
differences in being told one has diabetes on either side of the threshold as coming from differences 
in being tested, even though it is the combined effect of going to the doctor, the doctor ordering a 
test, and the patient being diagnosed.  
Table 1 shows demographic statistics of the NHIS sample. All analyses use population 
weights and are separated by gender. I drop observations that have a BMI less than or equal to 10, or 																																																								
7 For more information on the health outcomes variables, see Appendix Table 1. 	
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greater than or equal to 65. Of note, 25.5% of women and 41.9% of men are overweight, while 
17.7% of women and 16.9% of men are obese over the entire period. Final sample sizes for my 
outcomes of interest vary because questions in the survey are not consistent across years.  
Table 1 also reports the sample means of the health outcomes I investigate. A higher 
percentage of women in my sample have health insurance than men, and a higher percentage of men 
report being in good health (86.1% and 88.0% for women and men, respectively).8 A higher 
proportion of men are diabetic, and have or had angina, coronary heart disease, or a heart attack; 
heart disease and heart attack rates are almost double the rates for women. More women than men 
are hypertensive or have another heart condition. 
BRFSS 
 The Behavior and Risk Factor Surveillance System (BRFSS) is another individual-level, 
cross-sectional dataset that provides similar health outcomes data as the NHIS, as well as additional 
behavioral health information. Roughly 400,000 individuals are surveyed by phone each year from 
all 50 states, the District of Columbia, and three U.S. territories. I use all available data for adults age 
18 and above from 1987-2016. As with the NHIS, respondents report their height and weight only, 
not their BMI. I focus my analysis on six health outcomes: diabetes, high blood pressure, coronary 
heart disease (CHD), heart attack, and physicians’ advice to change diet or exercise to reduce risk of 
developing heart disease. Detailed information about the survey questions these variables come from 
is available in Appendix Table 2.  The BRFSS faces the same limitation as the NHIS in that the 
observed BMI might be different from what the physician observed when making a decision, leading 
to bias in the estimated effect of crossing the obesity threshold.  
 Table 2 shows descriptive statistics for adult women and men from the BRFSS sample. 
Again, all analyses are separated by gender and weighted by population. Note that race is categorized 																																																								
8 “Self report in good health” encompasses respondents who rank themselves as generally being in good, very good, 
or excellent health on a Likert scale ranging from poor to excellent. 
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differently in the BRFSS than in the NHIS.  Individuals with a BMI less than or equal to 10 or 
greater than or equal to 65 are dropped from the sample.  27.9% of women and 43.0% of men in the 
sample are overweight, while 21.3% of women and 21.9% of men are classified as obese.  Similar to 
the NHIS, more women have health insurance than men (87.0% versus 86.5%) and more men report 
being in good health than women (85.0% versus 83.0%). Prevalence of diabetes and high blood 
pressure is about 8.0% and 20.1%, respectively, for both men and women. Heart attacks and 
coronary heart disease rates are higher in men than women, but more women than men report being 
told to change their diet or exercise in order to reduce heart disease risk.  
NLSY79  
The National Longitudinal Survey of Youth, 1979, (NLSY79) a panel dataset, has two 
advantages over the NHIS and BRFSS that I exploit for my analysis. First, it is the only dataset that 
provides information on whether a woman gave birth via C-section, which is one outcome that may 
be sensitive to the obesity cutoff. Second, it reports a mother’s BMI just before she became pregnant, 
which comes closer to the information the physician would have had when recommending a C-
section. I use the Child and Young Adult survey, which tracks the children of women in the 
NLSY79, to link the mother’s physical and demographic characteristics to information about her first 
pregnancy. Since women who deliver their first child via C-section could be more likely to deliver 
their later children the same way, I focus only on first pregnancies. Descriptive statistics are shown in 
Table 3. The unit of observation in the final dataset is at the birth level and includes only first-born 
children. Note that the same size is small relative to the NHIS and BRFSS. The minimum calculated 
pre-pregnancy BMI is 10.8 and the maximum 55.6, so no outliers were dropped. 12.4% of mothers 
were overweight and 5.8% were obese before pregnancy, and 23.5% of first births for all mothers 
were via C-section. 
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IV. Empirical Design 
A. Identification Strategy  
 The four major obesity categories—underweight, normal, overweight, and obese—are 
determined solely by thresholds along the BMI index, which is a continuous variable that can take on 
any value according to an individual’s height and weight. While BMI may be correlated with health 
and other individual-specific characteristics, it is unclear how the obesity categories are used in both 
patients’ and physicians’ healthcare decisions. However, because these cutoffs are arbitrary, whether 
an individual’s BMI falls just above or just below one of these arbitrary cutoffs is essentially random. 
I exploit the random variation near these cutoffs with a regression discontinuity (RD) design to 
examine whether there is a discontinuity, or jump, in health outcomes for individuals on either side 
of the cutoff.9 More specifically, I focus on the obesity threshold at BMI=30 to look for evidence of 
heuristic decision-making based on a patient’s proximity to being classified as obese. This method is 
similar to those employed in previous studies of heuristics (Bharadwaj & Neilson, 2011; Almond, 
Doyle, Kowalski, & Williams, 2008; Coussens, 2017). Formally, the regression specification I use is 
as follows:  
 
(1)  𝐻𝑒𝑎𝑙𝑡ℎ 𝑂𝑢𝑡𝑐𝑜𝑚𝑒! =  𝛼 +  𝛽𝐶𝑢𝑡𝑜𝑓𝑓! +  𝛾𝐵𝑀𝐼! +  𝜋𝐵𝑀𝐼 ∗ 𝐶𝑢𝑡𝑜𝑓𝑓!  +  𝑿!𝛿 +  𝜀! 
 
 
The dependent variable Health Outcome is a binary variable that is equal to one if individual i was 
told she has a particular condition or had a particular procedure, and zero otherwise. On the right-
hand side, Cutoff is an indicator variable equal to 1 if the individual has a BMI greater than or equal 
to 30, and BMI is a continuous variable representing BMI at the time of the survey, scaled to 0 at 
BMI=30. BMI*Cutoff allows the slope of the regression to vary on either side of the cutoff, and X is 
a vector of individual-level characteristics including age, race, ethnicity, and education. The 
																																																								
9 See Lee (2008) for more information on random variation in an RD design.  
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coefficient of interest is 𝛽, which describes the difference in the outcome variable for individuals just 
above the obesity threshold compared to individuals just below the threshold.  
Causal interpretation of the estimated coefficient 𝛽 rests on three assumptions. First, the 
assignment variable must be balanced on either side of the cutoff. Since respondents from the NHIS, 
BRFSS, and NLSY79 reported their height and weight separately, not their BMI, they could not 
easily have exact control over their reported BMI. It is unlikely that they were able to sort non-
randomly onto one side of the obesity cutoff.  I check that the density of the BMI distribution across 
the full sample of the NHIS (Figure 2) does not show evidence of hollowing out at the obesity 
threshold. While the distribution is not entirely smooth, it does not appear to be disproportionately 
jagged at BMI=30.10 This plot supports the first assumption that BMI is smooth across the obesity 
cutoff and that individuals are not able to manipulate whether they are on one side of the cutoff or the 
other. Thus, conditional on BMI, I treat whether one is on one side of the arbitrary cutoff or the other 
as random.   
The second assumption required for causal interpretation of 𝛽 is that no other factors that 
could influence the outcome variables exhibit discontinuities with BMI at the obesity threshold. For 
example, if individuals’ self-reported health status is discontinuous at the obesity cutoff, a 
discontinuity seen in likelihood of having a C-section may be biased by health status. To address 
these concerns, I test specification (1) with potentially confounding variables as outcomes. The 
results of these tests are described in detail in Section IVC. With demographic controls added, my 
preferred specification is balanced across BMI.  
																																																								10	Since individuals have a unique combination of height and weight (and therefore a unique BMI), one would 
expect the BMI distribution to be smooth. However, since this distribution reflects self-reports of height and weight, 
the jaggedness may be due to whole number rounding of height and weight values. For example, a BMI of 27.1 
corresponds to a height of 6 feet and a weight of 200 pounds. Restricted to men, there are 10,518 observations with a 
BMI of 27.1 in the NHIS, but only 4,598 observations at 27.2, indicating that men may be disproportionately 
rounding to “6 feet, 200 pounds” in their survey response.		
	 22 
The third assumption is that observed BMI values are the same as what the doctors saw at the 
time they made treatment decisions. However, as discussed in Section III, the NHIS and BRFSS are 
limited in that BMI cannot be observed just before or at the same time that a doctor orders a test for a 
patient. This has two implications. First, people may gain or lose weight randomly in such a way that 
they may sometimes be on one side of the cutoff or the other, and my measurement of BMI could be 
too high for some people, or too low for others. As noted above, they could also misreport their 
height and weight. This classical measurement error is problematic in that it attenuates the coefficient 
at the obesity threshold towards zero, which may make it difficult to identify an effect (if there is 
one). Second, individuals’ BMI could change as a result of having been told, for example, they are 
diabetic, and this could put them on a different side of the obesity cutoff. Then, the outcome variable 
reflects not only going to the doctor and being tested for it, but also the effect on BMI of being 
diagnosed with the condition. If people tend to lose weight when they are told they have diabetes, I 
would be more likely to find people with diabetes below the obesity threshold. Thus, for my analysis, 
I interpret my results assuming BMI does not vary systematically over time in response to being told 
that one has a particular condition, but I discuss the implications if it does. For the NLSY79, which I 
use to examine discontinuities in C-section rates, this assumption is satisfied more easily. Since the 
mother’s weight just before pregnancy is available, it is easier to assume that this is the same BMI as 
the one the physician observed when considering delivery options. 
As a final note, it is important to recognize that the effect I expect to find may be small, given 
that there may only be a minority of cases in which the physician faces enough uncertainty to rely on 
heuristics. To mitigate this issue, I use many years of data to increase the sample size and power.11     
 																																																								
11Data that spans decades could yield biased coefficients if the year in which the data is collected is correlated with 
both the cutoff and the outcome variables. However, Appendix Table 3 shows that with the inclusion of year fixed 
effects, neither the statistical significance nor the direction of the estimates of the discontinuity change relative to 
my main NHIS results in Table 9.  
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B. Methodology  
The specification listed in (1) implies a linear relationship between the dependent variables 
and BMI. However, it is possible this relationship is nonlinear and differs depending on the outcome 
variable. This is a critical because an incorrect specification could mechanically produce a 
discontinuity when there is none. The stylized example shown below (Exhibit A) illustrates this. 
Imagine there is a cubic relationship between BMI and a health outcome that has an inflection point 
at the obesity threshold. A linear fit would estimate a discontinuity at the BMI threshold, shown in 
the figure on the left, while a cubic specification, shown on the right, would accurately depict the 
relationship between BMI and the outcome without predicting a discontinuity at the threshold. In 
order to avoid this error, it is important to examine results of various specifications visually. I look 
for a functional form that fits the data well and is relatively easy to replicate. 









Here, I describe my method for finding a robust functional form to estimate 𝛽, the 
discontinuity in health outcomes at the BMI threshold. While I am interested in differences in health 
outcomes for diabetes, C-sections, hypertension, and other aspects of cardiac health, I use NHIS data 
on individuals’ reports of being told they are diabetic as a model for finding a robust functional form. 
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I choose this variable for two reasons: diabetes is commonly discussed as a correlate of obesity and it 
affects both men and women. First, I use an ordinary least squares (OLS) specification to examine 
the correlates of diabetes, starting with BMI, and add demographic variables that have been 
associated with increased risk of diabetes. I then explore the functional form relationship between 
BMI and diabetes using specification (1) with the full sample and with restricted bandwidths. I 
choose the final specification by comparing estimates of the discontinuity from different functional 
forms across similar bandwidths.  All analyses separate men and women.12  
The results of the first step, the OLS regressions, are shown for men and women in Table 4.  
Although statistically significant at the 1% level, BMI explains less than 5% of the variation in 
probability of having diabetes for women and less than 3% for men. Addition of age, race, ethnicity, 
and education control variables increases the explanatory power to about 9% for both men and 
women. These controls are included in all subsequent regressions.  
Next, I explore the functional relationship between BMI and diabetes with linear, quadratic, 
and cubic variations of BMI in specification (1). BMI is scaled to 0 at BMI=30, the obesity cutoff, 
and all specifications include interaction terms between BMI and the cutoff to allow the slope of the 
curve to vary on either side of the threshold. Table 5 shows the results of these regressions using the 
full NHIS sample. For both men and women and for specifications with and without covariates, the 
estimates of the discontinuity at the cutoff, 𝛽, are inconsistent in both magnitude and sign. For 
example, the linear specification for women with covariates (Table 5, Panel A) suggests that women 
with a BMI at least equal to the obesity cutoff are 1.32 percentage points more likely to be told they 
are diabetic, while the quadratic specification suggests they are 1.07 percentage points less likely to 
be told they are diabetic, with both significant at the 1% level.  
																																																								
12 Physicians may use heuristics different between their male and female patients, as Coussens (2017) shows. Thus, I 
separate men and women for all analyses.  
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One explanation for the inconsistent estimates is that the regressions above estimate the 
cutoff effect using the entire BMI distribution, even though the region of interest is just around the 
obesity cutoff. Therefore, I re-estimate the discontinuity with the same linear and quadratic 
specifications, but limit the bandwidth, or the region of the assignment variable, to within 3, 4, or 5 
units above and below the cutoff at BMI=30.13 The results of these regressions, shown in Table 6, 
give more consistent estimates for the linear and quadratic specifications, with and without the 
controls added. For women, the coefficient on the cutoff is negative and statistically significant 
across nearly all bandwidth and functional form specifications. Columns (7) and (10) in particular, 
which are linear and quadratic specifications at a bandwidth of 3, respectively, have similar 
coefficients that are significant at the 10% level. For men, none of the estimates are statistically 
significant. This makes it difficult to determine which functional form is best. Visually, Figure 3, 
which shows the linear specifications for men and women, confirms that the relationship between 
diabetes diagnosis and BMI can be estimated linearly with a bandwidth of three sufficiently for men 
and women. Thus, my final, preferred specification for the health outcomes of interest is identical to 
(1), but limited to a bandwidth of 3 on each side of the BMI cutoff.  
C. Balancing Tests  
 
As discussed in Section IVA, causal interpretation of 𝛽 relies in part on the assumption that 
the sample is balanced across the cutoff on characteristics that may be correlated with obesity and the 
outcome variables of interest—in other words, the threshold is not correlated with the error term. In 
theory, since the obesity cutoff is arbitrary, it should not be correlated with demographic 
characteristics in the error term, including age, race, ethnicity, or education. Even if these observable 																																																								
13 As a starting point to determine bandwidths, I used the rdbwselect (regression discontinuity bandwidth selection) 
Stata package from Calonico, Cattaneo and Titiunik (2014), which calculates the optimal bandwidth by minimizing 
the sum of squared errors. The calculated optimal bandwidth for these specifications varied, but tended to be in the 
range of 2 to 7 units away from the cutoff. I tested 3, 4, and 5 in hopes of improving precision without violating the 
assumption that individuals included in the regression are essentially identical.   	
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characteristics are not balanced across the threshold, they can be removed from the error term by 
controlling for them in the regression. The internal validity of the estimate 𝛽 is threatened more if 
variables related to healthcare interactions are also discontinuous at the obesity threshold. In this 
case, the interpretation of a discontinuity could not be causally attributed to heuristic decision-
making.  
To explore this further, imagine that individuals who know they are classified as obese tend 
to think of themselves as being less healthy. Or, perhaps insurance companies are able to 
discriminate such that obese individuals are less likely to have health insurance compared to those 
just barely below the obesity threshold. In these cases, an estimate of a discontinuity at the threshold 
in a health outcome such as heart disease diagnoses would capture the physician’s heuristic decision 
–making as well as the patient’s tendencies and ability to go to the doctor. However, if it is clear that 
there are no discontinuities in underlying health status or insurance coverage, then I can more 
confidently attribute a discontinuity in health outcomes at the threshold to heuristic decision-making.  
To address these threats to validity, I use equation (1), with a bandwidth of 3 and without 
additional controls, to examine whether the sample is balanced across the obesity threshold in self -
reports of health status, health insurance coverage, and demographic characteristics. I also test 
whether there are underlying differences in the frequency of visiting the doctor, although this test 
could be considered an outcome rather than a control since people who are told they are obese versus 
not may respond by going to the doctor less (or more). Table 7 shows the results of these regressions 
for women and men. I first use the same linear specification used for diabetes, discussed above, and 
find no significant discontinuity in health insurance coverage for women and men (column 1 of 
panels A and B). The coefficient for the obesity cutoff is insignificant for an indicator for women’s 
self-reports of good health, but significant at the 10% level for men (column 2). However, this 
coefficient becomes insignificant when a quadratic specification is used instead. Figures 4 and 5 give 
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a visual approximation of these discontinuities and affirm the regression results.14 This shows there 
are not any observable underlying differences in health at the threshold, and no differences in access 
to care that would lower the probability of being diagnosed with a disease.  I also find no evidence of 
underlying differences in frequency of interactions with physicians; a binary variable indicating if it 
has been more than five years since the respondent’s last visit to the doctor is insignificant for both 
men and women (Panel A, Column 3; Panel B, Column 4). Thus, my interpretation of 𝛽 is not 
invalidated. 
An indicator for white race shows significant discontinuities for men and women with 
different polynomial terms, which may indicate a different functional relationship between this 
variable and BMI (Columns 4-6 of Table 7). While this nonlinearity and lack of balance at the 
threshold is a threat to the validity of my causal interpretation, it is difficult to understand what kind 
of underlying characteristics would lead to, for example, a jump in the fraction of white women just 
over the obesity threshold. It could be that BMI has a non-linear relationship with race in this 
bandwidth; however, for my analysis I am more concerned that the functional form is the right one 
for the health outcome variables (such as diabetes). When race and other demographic variables are 
used as controls (shown in the previous section), a linear versus quadratic specification for diabetes 
versus BMI does not meaningfully change the estimate of the discontinuity.15 By controlling for these 
observable characteristics in the regression, only unobservable factors in the error term that are 





 																																																								14	Note that the intercepts and the predicted discontinuities differ slightly from the results reported in Table 7 
because the plots are not constructed with population weights.	
15 Almond, et al. (2008) similarly show that their covariates do not have a strictly linear relationship with their 
outcome variable, but they still use local linear estimation for their outcomes of interest.  
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V. Results  
 
A. NHIS  
I focus my analysis from the NHIS on six health outcomes likely to display evidence of 
heuristic decision making at the obesity threshold: diabetes, hypertension, angina, coronary heart 
disease (CHD), heart attack and other heart conditions (besides angina, coronary heart disease, or 
heart attack).  
 Table 8 presents OLS regressions of these outcome variables on BMI using the full sample of 
data, along with demographic controls. As expected, for both men and women, there is a statistically 
significant, positive relationship between all six health outcomes and BMI. For example, a one-unit 
increase in BMI is estimated to increase likelihood of having diabetes by about 0.8 percentage points 
for both men and women. The correlation between these outcomes and BMI appear slightly higher 
for men than women, but are very similar in magnitude. 
Table 9 shows the results of the regression discontinuity specification (Equation 1), with a 
bandwidth of 3, for women and men. For women, the estimate of the discontinuity is only marginally 
significant for diabetes. It is also opposite in sign and magnitude from what would be expected given 
that the OLS regression shows a higher likelihood of being told one is diabetic as BMI increases. 
Women whose BMI places them just beyond the obesity cutoff are 0.7 percentage points less likely 
to have been told they are diabetic, or 7% relative to the mean across the specified bandwidth (Panel 
A). Figure 6 shows this discontinuity visually. Note that this image is identical to the one produced in 
Figure 3.  This negative coefficient could reflect that women just over the threshold are being tested 
more often but do not have the condition, that they react to being diagnosed with diabetes by losing 
weight, or are less likely to get tested. The first explanation can be disregarded because the balance 
tests show no underlying difference in health across the threshold. The third explanation, also, is 
improbable; it seems unlikely that the physician would test a patient less often if she is at higher risk. 
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The second explanation, however, is consistent with heuristic decision-making by the physician. To 
illustrate, if a physician is more likely to test for diabetes if a women is above the threshold, she is 
more likely to diagnose her with diabetes; she may then advise the patient to lose weight, or the 
patient may lose weight on her own, lowering her BMI and placing her on the other side of the 
threshold by the time she is observed in the data.16  
 For men, I find positive discontinuities at the BMI cutoff for coronary heart disease and other 
heart conditions that are significant at the 10% and 1% levels, respectively. Being just over the 
obesity threshold is associated with a 0.5 percentage-point increase in likelihood of being diagnosed 
with CHD and a 0.8 percentage-point increase in the likelihood of being diagnosed with a heart 
condition other than CHD, angina, or a heart attack, which correspond to 9% and 11% increases 
relative to the mean around the threshold, respectively. Figure 7 shows the discontinuities visually. 
These estimates are consistent with heuristic decision-making: given that men may be at high risk for 
cardiac health issues, physicians may be even more inclined to test and diagnose male patients for 
heart conditions if they are obese. The lack of a significant discontinuity for angina or heart attack 
diagnoses may reflect that these conditions may be more easily diagnosed because they have more 
distinguishable symptoms, such as chest pain, so physicians may not need to resort to heuristics as 
often.  
 Hypertension, which appears to be unaffected by the obesity threshold, is an interesting case 
because it is defined by another cutoff: a blood pressure reading of 130/80 mmHg (or 140/90 mmHg 
under older guidelines). A physician may diagnose a patient with hypertension as soon as she sees 
blood pressure reading at this value or higher, and may rarely need to consider other factors. This 
would make it harder to find an effect at the obesity threshold, consistent with my findings.  
 																																																								16	This may true in particular for patients with diabetes; some medications for Type II diabetes treatments have been 
associated with weight loss that can last for over ten years (Diabetes Prevention Program Research Group, 2009).	
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B. BRFSS  
  I use the BRFSS dataset in two ways: first, to test additional metabolic and cardiac health-
related outcomes, and second, to test if the results I obtain with the NHIS are reproducible.  
Additional Health Outcomes 
I test six outcomes from the BRFSS for evidence of heuristic decision-making. Four of the 
outcome variables, diabetes, high blood pressure, coronary heart disease (CHD), and heart attack, are 
constructed from questions similar to the NHIS, allowing me to test for reproducibility. Two 
additional variables provide information on whether a doctor has told a patient to change their diet or 
exercise in order to reduce risk of heart disease. These two outcomes are of particular interest since 
they may be the most sensitive to heuristics: if a physician sees a patient with a BMI over the obesity 
threshold, it is reasonable that she may suggest adjusting diet or exercise to lower risk of weight and 
BMI-related health concerns, regardless of whether the patient actually has a condition. I first use an 
OLS specification, as with the NHIS, to see the correlation between the health outcomes and BMI 
using the full sample. Then, I run specification (1) with a bandwidth of three. 17  
 Table 10 shows the OLS regression results of these health outcomes for women and men. All 
six outcomes are statistically significant at the 1% level for both women and men, and all show 
positive correlations with BMI except for coronary heart disease. Encouragingly, the OLS estimates 
are similar in magnitude and direction to the NHIS for the same outcome measures. For example, 
coefficient on BMI for heart attack is 0.00909 and 0.00804 for women in the BRFSS and NHIS 
datasets, respectively.  
Next, I present the regression discontinuity results, reported in Table 11. 
There are a few key observations to note about these RD results. First, the estimate of the 
discontinuity in diabetes at the obesity threshold is almost identical to the estimate obtained from the 																																																								
17 Note that the BRFSS provides age as a categorical rather than continuous variable, so there are no age2 and age3 
terms in these regressions.  
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NHIS: -0.00746 versus -0.00702 from the NHIS, and is statistically significant at the 1% level. The 
coefficient indicates that individuals whose BMI is just over the obesity threshold are 0.746 
percentage points less likely to be told they have diabetes than those just under the BMI cutoff, a 6% 
increase relative to the mean across the threshold (Panel A, column 1). Again, the negative 
discontinuity may be consistent with heuristic decision-making if women diagnosed with diabetes 
tend to lose weight and are on the other side of the BMI threshold when their BMI is observed in the 
data.  
There are a few differences among the estimates for women between the NHIS and BRFSS. 
While a positive, insignificant discontinuity is estimated for hypertension in the NHIS, the BRFSS 
data suggests a negative, significant discontinuity of 0.434 percentage points, implying a 1.5% 
decrease relative to the mean. While the NHIS did not exhibit a significant discontinuity for coronary 
heart disease, the BRFSS estimates a 0.229 percentage-point, or 5.0%, decrease in the likelihood of 
being diagnosed with CHD if above the obesity threshold. Again, this could potentially reflect a 
tendency of women to react to obesity-related diagnoses by losing weight.  
 The results for men, reported in Panel B, are similar to those in the NHIS. Men over the 
threshold have a 0.5 percentage-point increase (about 2% relative to the mean) in the probability of 
having high blood pressure, which is statistically significant at the 5% level; they are also 0.294 
percentage-points more likely to be diagnosed with coronary heart disease, which is a 5% increase 
relative to the mean and significant at the 1% level. The most intriguing results are that the 
discontinuities for exercise and diet outcomes (columns 5 and 6, panel B) are statistically significant 
and negative. Being at or above the obesity threshold is associated with a 3.19 percentage-point (or 
7%) reduction in the likelihood of being told to exercise to reduce heart disease risk and a 1.34 
percentage-point (or 4%) reduction in the likelihood of being told to alter diet. Through the 
framework of heuristic decision-making, this result seems surprising: one might expect physicians to 
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recommend diet or exercise more often to patients that are above the obesity threshold. However, if a 
doctor does recommend weight loss and the patient subsequently heeds the advice, the observed BMI 
may be below the threshold. Again, this is a limitation of the data because I cannot observe a 
patient’s exact BMI at the time of the encounter with the doctor. 
Replication  
Since the BRFSS is a large, national, cross-sectional dataset with similar questions to the 
NHIS, I use it to check the validity of the specification I develop using the NHIS. Following the 
method described in section IVC, I use diabetes as a model outcome to find a robust functional form 
and bandwidth for the regression discontinuity design. Here, I highlight key results that address the 
validity of my preferred specification.  
 I begin, as before, by exploring the functional relationship between diabetes and BMI with 
the full sample of data (Table 12). As with the NHIS, the discontinuities are largely significant, but 
vary in sign and magnitude across linear and quadratic functional forms, both with and without 
controls. My next step is to test these specifications with bandwidths of 3, 4, and 5, shown in Table 
13.  Similar to the NHIS results, the estimate at the cutoff is negative and significant across all 
specifications for women. The coefficient on the linear specification with covariates and a bandwidth 
of 3, for women, is -0.00746 (column 7), compared to -0.00702 in the NHIS. For men, this estimate 
(column 7) is negative rather than positive, but still insignificant, similar to the NHIS. The similarity 
between these estimates is evidence that the specification developed using the NHIS is valid.  
C. NLSY79  
 
Empirically, the best estimates of a discontinuity at the obesity threshold would be obtained 
if an individual’s BMI and interactions with the physician, such as being tested for diabetes or heart 
conditions, are observed at the same time. The NLSY79, a panel dataset, has an advantage over the 
NHIS and BRFSS because a respondent’s height and weight are observed at multiple points in time, 
so it is easier to assume that at the time of a healthcare interaction, a respondent’s BMI is most 
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similar to what the doctor sees when making her treatment decision. I use the NLSY79 to explore 
whether there is a discontinuity in the likelihood of having a Caesarean section at the obesity 
threshold. For these regressions, my assignment variable is the mother’s BMI just before becoming 
pregnant, calculated using her weight just before pregnancy and her height at age 18, and the 
outcome variable is an indicator for whether her first-born child was delivered via C-section. I use 
only first-born children because women who have one C-section are more likely to deliver their other 
children via C-section, and including these births would bias the discontinuity estimate.  
The multivariate regressions in Table 14 show that there is a positive relationship between 
pre-pregnancy BMI and likelihood of delivering via C-section. Column (1) shows there is a 1.58 
percentage-point increase in the likelihood of having a C-section for a one-unit increase in BMI. 
Adding a quadratic term in addition to other covariates (column 5) suggests that the probability of 
having a C-section increases with BMI at a decreasing rate: for a small change in BMI, there is a 1.27 
percentage-point increase in the probability of giving birth via C-section for a mother with a BMI of 
25, but only a 0.89 percentage-point increase for a mother with a BMI of 30.  
I estimate the discontinuity at the BMI cutoff with the full sample using linear and quadratic 
specifications (Table 15). While both specifications estimate a small positive discontinuity at the 
obesity threshold, neither is significant. These results indicate that both linear and quadratic 
specifications fit relationship between C-section and BMI well, so I re-estimate these functional 
forms but restrict the bandwidth to either 5 or 10 on each side, shown in Table 16.18 The results of 
this exercise are inconclusive: none of the discontinuities are statistically significant, and only one 
out of the four regressions shows a positive discontinuity at the cutoff (Column 2, linear specification 
with a bandwidth of 10).  The lack of significance could be evidence against heuristic decision-
making, or it could be due to the small sample size. 																																																								
18 While I previously use a bandwidth of 3 for the NHIS and BRFSS data, the NLSY79 has a much smaller sample 
size, so I choose a larger bandwidth in order to increase sample size and power. See Appendix Figure 2 for linear 
and quadratic plots with a bandwidth of 10.  
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Older pregnant women (generally considered to be aged 35 or above) are more likely to give 
birth via C-section. If doctors use BMI and obesity information heuristically, the obesity threshold 
could have two effects on the likelihood an older woman has a C-section. If a mother is 35 or older 
and has a BMI just over the obesity cutoff, the physician may be more likely to recommend a C-
section because the mother has at least two risk factors; alternatively, because the mother’s age may 
factor more strongly into the physicians’ decisions, there may be less of a discontinuity at the obesity 
threshold. To test these hypotheses, I re-estimate the effect of the cutoff on likelihood of having a C-
section but include an interaction term between the cutoff and being a mother over age 35, which is 
my coefficient of interest (Table 17). The estimated discontinuity is negative but insignificant, which 
is unsurprising given the small sample size.  
D. Additional Considerations  
Heterogeneous Effects by Age Group [NHIS] 
 The results discussed thus far have not taken into consideration that heuristic thinking at the 
obesity threshold may differ by patient and age group. Risk factors for certain conditions, especially 
cardiac issues, increase with age, and it has been shown that physicians use age cutoffs heuristically 
in testing patients for heart disease (Coussens, 2017).  If the obesity threshold influences a physician 
when she is faced with uncertainty, then it is possible that she uses the obesity threshold when her 
patient’s other risk factors do not give a clear recommendation for treatment. Alternatively, if a 
patient’s risk factors very clearly point to one path, then the obesity heuristic may play a limited role.  
To test this hypothesis, I divide the NHIS sample into 6 age groups: 18-24, 25-34, 35-44, 45-
54, 55-64, and 65+, and re-estimate the discontinuity at the obesity cutoff (Appendix Tables 4 and 5 
for men and women, respectively). I find few discontinuities, even ones that I see with the full 
dataset, perhaps due to the smaller sample size. However, in line with my hypothesis, there is some 
evidence that doctors use heuristics more among middle-aged women (age 45-54) and men (age 45-
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64), age groups that are just beginning to be more at risk for developing heart problems. Similarly, 
there is no evidence of heuristics for the young (18-24) and the old (65 and above), which suggests 
that (1) young patients are so unlikely to develop heart disease that the doctors do not consider 
testing them, and (2) that older patients (above age 65) are sufficiently at risk that physicians test 
them without considering the obesity threshold. In sum, this is consistent with the theory that 
physicians use heuristics when faced with uncertainty.  
Alternative Threshold: Normal Vs. Overweight  
 Physicians may use additional thresholds along the BMI distribution heuristically. The 
treatment algorithm proposed by the NIH (Appendix Figure 1) implies that physicians use the 
overweight threshold at BMI=25 as a decision point to test for obesity-related conditions. I consider 
this possibility by using specification (1) and a bandwidth of 3 to estimate the discontinuity in health 
outcomes around the overweight threshold at BMI=25. The results are shown in Appendix Table 6. 
For both men and women, the estimates of the discontinuities at the overweight threshold are nearly 
all statistically insignificant; the direction of the coefficients also differ from the estimates at the 
obesity threshold. The two significant results, angina and other heart conditions (for women), are 
negative. This is interesting given the significant discontinuities reported for women in Tables 9 and 
11 were also negative. Overall, these results suggest that the obesity threshold, which is discussed 
more commonly than the overweight threshold, is more salient for physicians than other thresholds.   
Multiple Hypothesis Testing  
Given the number of outcomes I test in the NHIS and BRFSS, it is important to consider 
whether the statistically significant results I find are due to over-rejection of the null hypothesis. 
Following the method implemented by Hoynes, et al. (2016) and Kling (2007) to improve statistical 
power, I construct indices of the health outcomes by calculating the z-score (subtracting the mean 
and dividing by the standard deviation), then taking the average across all outcomes. According to 
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Hoynes et al. (2016), this method is valid when all of the outcomes included in the index have similar 
interpretations (in other words, having any of the conditions is considered bad outcome). For the 
NHIS, the conditions included in the index are hypertension, angina, coronary heart disease, heart 
attack, and other heart conditions. For the BRFSS, the conditions included are high blood pressure, 
coronary heart disease, and heart attack. I exclude diabetes because it seems least similar to the other 
health outcomes and may have an opposite effect on BMI (i.e. treatment may cause patients to lose 
weight). An increase in an individual’s index indicates they have more adverse health conditions. I 
then implement specification (1) using the indices as the outcome variables (Appendix Table 7). Note 
that a positive coefficient on Cutoff at BMI=30 should now be interpreted in standard deviation units. 
A statistically significant result is found for women and men in the BRFSS; the coefficient for being 
over the obesity threshold is -0.007 for women and 0.009 for men. The direction of the 
discontinuities is consistent with the results in Table 11. Overall, this procedure suggests that the 
BRFSS results have more statistical power; using non-survey data (such as medical records) in the 
future could improve this further.  
VI. Conclusion 
 
 BMI and obesity categories feature prominently in medical charts, yet relatively little is 
known about how doctors use this information to treat patients. In particular, it is unknown whether 
obesity thresholds lead to discontinuous treatment and health outcomes of individuals near these 
cutoffs. Here, I explore whether patients on either side of the obesity threshold at BMI=30 are more 
or less likely to have been diagnosed with diabetes, hypertension, or other cardiac conditions. I also 
explore whether doctors are more or less likely to suggest diet or exercise to reduce heart disease risk 
for patients at this threshold, and whether pregnant women’s obesity status before pregnancy results 
in differences in likelihood of delivering their babies via C-section at the threshold.  
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I find that women above the threshold are significantly less likely to be told they are diabetic, 
have high blood pressure, or have coronary heart disease. Men just around the obesity threshold are 
more likely to be told they have a heart condition, but are less likely to be told to change their diet or 
exercise habits in order to reduce the risk of developing heart disease. It is unclear whether C-section 
rates are affected by the obesity cutoff, but the sample size is small and the estimated effects are 
imprecise.   
Given the nature of the data sources, it is difficult to interpret why some health outcomes 
show a positive discontinuity and some show a negative discontinuity at the obesity threshold. 
Negative discontinuities may reflect either that individuals at the threshold are being tested just as 
often or more, but are less likely to have the condition. This explanation is unlikely, given that the 
underlying health across the threshold appears similar. Instead, since BMI is observed after the 
diagnosis, negative discontinuities could reflect that people who were obese, tested, and diagnosed 
subsequently lost weight (perhaps as part of their treatment), putting them on the lower side of the 
threshold. This could explain the negative discontinuities associated with diagnoses for women and 
diet and exercise advice for men. For example, after being told they were diabetic (and perhaps that 
obesity played a role), women may have lost weight and their obesity categorization may have 
changed. 
The positive discontinuities are consistent with a heuristic decision-making model in which 
physicians test patients above the obesity threshold more often and are therefore more likely to 
diagnose them with a condition. This is similar to the model tested by Coussens (2017) for diagnosis 
of ischemic heart disease for patients near age 40. This could be beneficial or problematic; if patients 
on either side of the cutoff are in fact identical in other characteristics, important diagnoses could be 
missed for patients under the cutoff. Or, patients above the cutoff could be given treatment when they 
do not need it—either because of false positives from the subsequent tests, or because BMI is an 
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imperfect measure of health that may not accurately identify a patient’s true risk factors. Ultimately, 
these effects will depend on the health condition; in some cases, it may be better to over-treat 
patients, while in others, costs associated with treatment may make it less desirable.    
Future Steps  
 
 There are limitations to this study that could be improved in future research. First, I assume 
that the observed BMI is the same as the BMI of the patient at the time of medical treatment. Second, 
I use diagnosis of a condition, such as diabetes or heart disease, as a proxy for having been tested for 
it. Both of these limitations affect causal interpretation of the effect of the obesity threshold on 
physicians’ treatment decisions. However, both could be mitigated with medical records data, which 
would show patients’ BMI at the time of a doctor’s visit and the tests the doctor subsequently 
ordered. Future research should use medical records to not only explore discontinuities in medical 
care at the obesity threshold, but also to investigate whether patient outcomes are affected by the 
discontinuity. For example, if patients are more likely to be tested for coronary heart disease if they 
are above the threshold, the effectiveness of the test and treatments could be evaluated by comparing 
the health outcomes of those in the vicinity of the threshold. Finally, the specification I use for all 
health outcomes is based on one “test” outcome, diabetes. I did this primarily for convenience; there 
is no reason to assume that all health outcomes have the same functional relationship with BMI as 
diabetes. I could improve the validity of my results by systematically testing each health outcome 
with different functional forms and bandwidths and determine if the discontinuities I find here are 
robust to alternate specifications.     
 The extent to which physicians rely on heuristics may be dependent on their experience level. 
Doctors with more experience could be less uncertain about the proper tests to recommend, so they 
may not rely on heuristics. This hypothesis could be tested by using medical records data from 
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hospitals with different experience ratings or in different regions, or by modeling the experience level 
of the physician, such as by age or status (resident or attending).   
 One aspect of obesity that may separate it from other heuristics is that the thresholds are 
relatively common knowledge, especially compared to other cutoffs like the very low birth weight 
cutoff. For example, BMI charts are fixtures of medical offices as well as medical records, and 
children are introduced to it at a young age in physical education tests in school. Individuals may 
ascribe some value to their obesity status, especially if they pass from one category to another and if 
their physicians discuss it often. Thus, it would be interesting to investigate the effect of the obesity 
threshold from the patient perspective, such mental health status or opinions of the medical advice 
they receive. Exploring this question could give valuable insight to the unintended consequences of 
an inherently meaningless threshold.  
 A physician’s role is to diagnose and treat her patient. Some interactions with patients may 
not provide the physician with the information necessary to make informed, rational decisions about 
treatment options, so she may employ heuristics, such as the obesity threshold, to help. Even though 
the heuristic itself could be trivial, using it to determine the treatment a patient receives could have 
important impacts on patient health. The results presented provide evidence that physicians use the 
obesity threshold heuristically, potentially leading to missed diagnoses or over-treatment of patients 
who are otherwise identical. Given that this threshold is just one of many possibly used in the 
medical field, it is pertinent to continue investigating the effects of heuristics to improve a 
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VIII. Tables and Figures 
 
Figure 1. Height, Weight, and BMI distribution over time 
Source: NHIS, 1980-2016 
 
A. Height Distribution, in inches 
 





















B. Weight Distribution, in pounds 
 
Note: Epanechnikov univariate kernel density estimation with a bandwidth of 10 and population weights. 
The distribution begins at 100 for the 2000s and 2010s because starting in 2000, the minimum weight 
























C. BMI Distribution  
 
Note: Epanechnikov univariate kernel density estimation with a bandwidth of 0.25 and population 

































BMI  982355 2.50e+09 25.214 5.438 
Obesity Category 
    Underweight 982355 2.50e+09 0.041 0.199 
Normal 982355 2.50e+09 0.527 0.499 
Overweight 982355 2.50e+09 0.255 0.436 
Obese 982355 2.50e+09 0.177 0.381 
Age 982243 2.50e+09 46.051 18.536 
Race/Ethnicity 
    White 978088 2.49e+09 0.828 0.377 
Black 978088 2.49e+09 0.123 0.328 
Asian 978088 2.49e+09 0.029 0.169 
Other 978088 2.49e+09 0.012 0.110 
Hispanic 978828 2.49e+09 0.085 0.279 
Have at least high 
school degree 974977 2.48e+09 0.809 0.393 
Have Health 
Insurance 307349 9.64e+08 0.875 0.330 
Self-Report in 
Good Health 980127 2.50e+09 0.861 0.346 
Health Outcomes  
    Diabetic  420570 2.46e+09 0.067 0.250 
Hypertensive 441851 2.50e+09 0.249 0.432 
Had Angina 330836 2.15e+09 0.021 0.142 
Have Coronary 
Heart Disease 329423 2.14e+09 0.030 0.169 
Had a Heart 
Attack  317125 2.06e+09 0.022 0.147 
Have/Had Other 
Heart Condition  350273 2.21e+09 0.078 0.268 
N 982355       
 


















BMI  841088 2.23e+09 26.215 4.280 
Obesity Category 
    Underweight 841088 2.23e+09 0.010 0.097 
Normal 841088 2.23e+09 0.402 0.490 
Overweight 841088 2.23e+09 0.419 0.493 
Obese 841088 2.23e+09 0.169 0.375 
Age 841041 2.23e+09 44.169 17.398 
Race/Ethnicity 
    White 837405 2.22e+09 0.844 0.363 
Black 837405 2.22e+09 0.105 0.307 
Asian 837405 2.22e+09 0.030 0.170 
Other 837405 2.22e+09 0.013 0.115 
Hispanic 837959 2.22e+09 0.087 0.282 
Have at least high 
school degree 833852 2.21e+09 0.810 0.393 
Have Health 
Insurance 249844 8.22e+08 0.838 0.369 
Self-Report in 
Good Health 839309 2.22e+09 0.880 0.324 
Health Outcomes  
    Diabetic  338616 2.34e+09 0.070 0.256 
Hypertensive 358082 2.38e+09 0.248 0.432 
Had Angina 267335 2.05e+09 0.026 0.159 
Have Coronary 
Heart Disease 266399 2.05e+09 0.053 0.223 
Had a Heart 
Attack  257141 1.97e+09 0.043 0.202 
Have/Had Other 
Heart Condition  281271 2.11e+09 0.070 0.256 
N 841088       
Notes: Except BMI, all reported means are from indicator variables equal to 1 if true. “Self report in good 
health” is equal to 1 if the respondent indicated being in good, very good, or excellent health. Universe 
















BMI  4368205 3.02e+09 26.143 5.976 
Obesity Category 
    Underweight 4368205 3.02e+09 0.032 0.177 
Normal 4368205 3.02e+09 0.468 0.499 
Overweight 4368205 3.02e+09 0.279 0.449 
Obese 4368205 3.02e+09 0.213 0.409 
Race/Ethnicity 
    White, non-Hispanic 4332937 3.00e+09 0.723 0.448 
Black, non-Hispanic 4332937 3.00e+09 0.107 0.309 
Other 4332937 3.00e+09 0.052 0.222 
Hispanic 4332937 3.00e+09 0.118 0.323 
Have at least high 
school degree 4361290 3.01e+09 0.867 0.339 
Have Health 
Insurance 4218564 2.72e+09 0.870 0.336 
Self-Report in Good 
Health 4112399 2.54e+09 0.830 0.375 
Health Outcomes  
    Diabetic 4334532 2.96e+09 0.080 0.271 
High Blood Pressure 2900707 2.34e+09 0.201 0.401 
Coronary Heart 
Disease 3150829 1.53e+09 0.037 0.188 
Heart Attack  3163032 1.53e+09 0.032 0.177 
Physician Advice to 
reduce heart disease 
risk 
    Change Exercise 83568 9.52e+07 0.411 0.492 
Change Diet 226091 1.93e+08 0.293 0.455 
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BMI  3074697 2.97e+09 27.088 4.911 
Obesity Category 
    Underweight 3074697 2.97e+09 0.010 0.101 
Normal 3074697 2.97e+09 0.336 0.472 
Overweight 3074697 2.97e+09 0.430 0.495 
Obese 3074697 2.97e+09 0.219 0.414 
Race/Ethnicity 
    White, non-Hispanic 3038909 2.94e+09 0.719 0.449 
Black, non-Hispanic 3038909 2.94e+09 0.092 0.289 
Other 3038909 2.94e+09 0.061 0.239 
Hispanic 3038909 2.94e+09 0.128 0.334 
Have at least high 
school degree 3068898 2.96e+09 0.865 0.342 
Have Health 
Insurance 2958337 2.67e+09 0.839 0.368 
Self-Report in Good 
Health 2882201 2.51e+09 0.850 0.357 
Health Outcomes  
    Diabetic 3047669 2.90e+09 0.081 0.273 
High Blood Pressure 2040325 2.28e+09 0.201 0.400 
Coronary Heart 
Disease 2188499 1.53e+09 0.052 0.222 
Heart Attack  2197636 1.53e+09 0.055 0.228 
Physician Advice to 
reduce heart disease 
risk 
    Change Exercise 59018 9.13e+07 0.361 0.480 
Change Diet 154513 1.85e+08 0.273 0.446 
N 3074697       
Notes: Except BMI, all reported means are from indicator variables equal to 1 if true. “Self report in good 
health” is equal to 1 if the respondent indicated being in good, very good, or excellent health. Universe 




















BMI 4474 1.21e+09 22.403 4.383 
Obesity Category 
    Underweight 4474 1.21e+09 0.114 0.318 
Normal 4474 1.21e+09 0.695 0.460 
Overweight 4474 1.21e+09 0.124 0.329 
Obese 4474 1.21e+09 0.058 0.235 
First child born via 
C-section 4542 1.23e+09 0.235 0.424 
Non-white 4930 1.31e+09 0.147 0.354 
Hispanic 4930 1.31e+09 0.068 0.252 
Age gave birth to 
first child 4930 1.31e+09 23.994 5.678 
Age 35 or old at 
birth of first child 4930 1.31e+09 0.050 0.217 
Have at least high 
school degree 4930 1.31e+09 0.797 0.402 
N 4930       
Notes: Constructed by linking mother and child records from the NLSY79 and the NLSY79 Children and 
Young Adults. BMI is constructed using the mother’s height recorded closest to age 18 and reported 
weight before coming pregnant. Only first-born children are included. “Pre-pregnancy BMI” and “Age 
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Note: Epanechnikov univariate kernel density estimation with a bandwidth of 0.25 and population 






















Table 4. OLS Regression, with and without controls 
Outcome: "Have you ever been told you are diabetic?" 
A. Women, NHIS 1980-2016 
 
(1) (2) (3) (4) (5) 
            
BMI 0.00921*** 0.00284*** -0.00420*** -0.00534*** -0.00547*** 
 
(6.71e-05) (0.000494) (0.000488) (0.000490) (0.000490) 
BMI, squared 
 
0.000110*** 0.000217*** 0.000231*** 0.000232*** 
  
(8.44e-06) (8.31e-06) (8.34e-06) (8.34e-06) 
Constant -0.174*** -0.0858*** 0.178*** 0.186*** 0.209*** 
 
(0.00180) (0.00698) (0.00933) (0.00934) (0.00938) 
Controls 
     
Age, Age2, & Age3 No No Yes Yes Yes 
Race & Ethnicity No No No Yes Yes 
At least high school 
degree No No No No Yes 
Observations 420,570 420,570 420,546 419,745 417,737 
R-squared 0.043 0.043 0.084 0.087 0.089 
      B. Men, NHIS 1980-2016 
  (1) (2) (3) (4) (5) 
 
          
BMI 0.00927*** -0.00752*** -0.0153*** -0.0153*** -0.0150*** 
 
(9.75e-05) (0.000848) (0.000833) (0.000835) (0.000837) 
BMI, squared 
 
0.000292*** 0.000412*** 0.000410*** 0.000406*** 
  
(1.46e-05) (1.43e-05) (1.43e-05) (1.44e-05) 
Constant -0.180*** 0.0547*** 0.379*** 0.370*** 0.374*** 
 
(0.00267) (0.0121) (0.0134) (0.0134) (0.0134) 
Controls 
     Age, Age2, & Age3 No No Yes Yes Yes 
Race & Ethnicity No No No Yes Yes 
At least high school 
degree No No No No Yes 
Observations 338,616 338,616 338,613 337,992 336,137 
R-squared 0.026 0.027 0.089 0.092 0.092 
Standard errors in parentheses 
   *** p<0.01, ** p<0.05, * p<0.1 
   Notes: Outcome variable is an indicator equal to 1 if a respondent has been diagnosed with diabetes. Race 
and ethnicity include dummy variables for white, black, Asian, other, and Hispanic. All regressions use 
population weights.  
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Table 5. Regression Discontinuity Functional Form Test, Unrestricted Bandwidth 
Outcome: "Have you ever been told you are diabetic?" 
A. Women, NHIS 1980-2016 
  (1) (2) (3) (4) (5) (6) 
Specification  Linear Quadratic Cubic Linear Quadratic Cubic 
              
Cutoff at BMI=30 0.0132*** -0.0107*** -0.00635** 0.0203*** -0.00567*** -0.0111*** 
 
(0.00154) (0.00214) (0.00272) (0.00150) (0.00209) (0.00266) 
       Covariates No No No Yes Yes Yes 
Observations 420,570 420,570 420,570 417,737 417,737 417,737 
R-squared 0.043 0.044 0.044 0.089 0.090 0.090 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    
       B. Men, NHIS 1980-2016 
  (1) (2) (3) (4) (5) (6) 
Specification  Linear Quadratic Cubic Linear Quadratic Cubic 
              
Cutoff at BMI=30 0.0134*** -0.000119 -0.000469 0.0174*** 0.00183 -0.00400 
 
(0.00171) (0.00231) (0.00285) (0.00166) (0.00224) (0.00277) 
Constant 0.0806*** 0.0908*** 0.0911*** 0.273*** 0.279*** 0.284*** 
 
(0.00102) (0.00154) (0.00205) (0.00773) (0.00775) (0.00784) 
       Covariates No No No Yes Yes Yes 
Observations 338,616 338,616 338,616 336,137 336,137 336,137 
R-squared 0.027 0.027 0.027 0.093 0.093 0.093 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    Notes: BMI is scaled to 0 at the cutoff, BMI=30. All regressions include an interaction between the cutoff 
and BMI to allow the slope to vary on either side of the obesity threshold and include the full BMI 
distribution. Outcome variable is an indicator equal to 1 if a respondent has been diagnosed with diabetes. 
Each column of each panel represents a different functional form of BMI: linear (BMI), quadratic (BMI2), 
or cubic (BMI3), with or without covariates. Regressions with covariates include age, age2, and age3, as 
well as indicators for race, ethnicity, and level of education (high school or above). All regressions use 








Table 6. Regression Discontinuity Functional Form Test with Alternative Bandwidths 
Outcome: Have you ever been told you are diabetic?  
A. Women, NHIS 1980-2016 
  (1) (2) (3) (4) (5) (6) 
Specification  Linear Quadratic 
Bandwidth 3 4 5 3 4 5 
              
Cutoff at 
BMI=30 -0.00661* -0.00527* -0.00586** -0.0134** -0.0122** -0.00980** 
 
(0.00369) (0.00317) (0.00273) (0.00570) (0.00480) (0.00409) 
Constant 0.103*** 0.102*** 0.104*** 0.106*** 0.106*** 0.103*** 
 
(0.00275) (0.00228) (0.00187) (0.00470) (0.00381) (0.00309) 
   
  
   Covariates No No No No No No 
Observations 104,295 137,685 178,736 104,295 137,685 178,736 
R-squared 0.004 0.006 0.011 0.004 0.006 0.011 
       
         (7) (8) (9) (10) (11) (12) 
Specification  Linear Quadratic 
Bandwidth 3 4 5 3 4 5 
              
Cutoff at 
BMI=30 -0.00702* -0.00614** -0.00374 -0.00964* -0.00914* -0.0111*** 
 
(0.00359) (0.00308) (0.00265) (0.00554) (0.00467) (0.00398) 
Constant 0.249*** 0.257*** 0.254*** 0.249*** 0.258*** 0.257*** 
 
(0.0178) (0.0153) (0.0129) (0.0182) (0.0156) (0.0132) 
   
  
   Covariates Yes Yes Yes Yes Yes Yes 
Observations 103,617 136,760 177,521 103,617 136,760 177,521 
R-squared 0.065 0.068 0.069 0.065 0.068 0.069 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
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B. Men, NHIS 1980-2016 
  (1) (2) (3) (4) (5) (6) 
Specification  Linear Quadratic 
Bandwidth 3 4 5 3 4 5 
              
Cutoff at 
BMI=30 0.00181 0.00204 0.000788 0.00425 0.00103 0.00210 
 
(0.00335) (0.00293) (0.00249) (0.00503) (0.00436) (0.00369) 
Constant 0.0898*** 0.0883*** 0.0892*** 0.0877*** 0.0908*** 0.0894*** 
 
(0.00229) (0.00196) (0.00158) (0.00374) (0.00316) (0.00255) 
   
  
   Covariates  No No No No No No 
Observations 115,178 149,425 201,673 115,178 149,425 201,673 
R-squared 0.005 0.007 0.012 0.005 0.007 0.012 
         (7) (8) (9) (10) (11) (12) 
Specification  Linear Quadratic 
Bandwidth 3 4 5 3 4 5 
              
cutoff 0.000277 0.000471 0.00229 0.00119 -0.000465 -0.00154 
 
(0.00322) (0.00282) (0.00240) (0.00484) (0.00420) (0.00356) 
Constant 0.246*** 0.264*** 0.260*** 0.247*** 0.266*** 0.264*** 
 
(0.0167) (0.0144) (0.0117) (0.0169) (0.0146) (0.0118) 
   
  
   Covariates  Yes Yes Yes Yes Yes Yes 
Observations 114,407 148,413 200,262 114,407 148,413 200,262 
R-squared 0.086 0.086 0.087 0.086 0.086 0.087 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    Notes: BMI is scaled to 0 at the cutoff, BMI=30. All regressions include an interaction between the cutoff 
and BMI to allow the slope to vary on either side of the obesity threshold. Outcome variable is an indicator 
equal to 1 if a respondent has been diagnosed with diabetes. Each column of each panel represents a 
different test of functional form, bandwidth, and covariates: linear or quadratic and a bandwidth of 3, 4, or 
5 on either side of the cutoff. Regressions with covariates include age, age2, and age3, as well as indicators 












Figure 3: Visual Check of Preferred Specification  













































Notes: Plots show the relationship between the residuals of the outcome regressed on the covariates in 




Table 7. Balance Tests 
A. NHIS Women, 1980-2016  
 













visit to the 
doctor Age White White White 
Functional 
Form Linear Linear Linear Linear Linear Quadratic Cubic 
                
Cutoff at 
BMI=30 0.00436 -0.000157 -0.000945 0.0328 0.00984*** 0.0164*** 0.0196** 
 
(0.00467) (0.00343) (0.00132) (0.157) (0.00363) (0.00562) (0.00765) 
Constant 0.863*** 0.812*** 0.0231*** 50.24*** 0.778*** 0.775*** 0.776*** 
 
(0.00347) (0.00254) (0.000984) (0.116) (0.00269) (0.00464) (0.00672) 
        Covariates No No No No No No No 
Observations 83,577 207,274 205,998 207,724 206,975 206,975 206,975 
R-squared 0.000 0.003 0.000 0.000 0.001 0.001 0.001 
Standard errors in parentheses 
     *** p<0.01, ** p<0.05, * p<0.1 
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B. NHIS Men, 1980-2016 














visit to the 
doctor Age White White White 
Functional 
Form Linear Linear Quadratic Linear Linear Linear Quadratic Cubic 
                  
Cutoff at 
BMI=30 -0.000267 -0.00520* -0.00115 0.00154 0.0990 -0.00412 -0.0124*** -0.00865 
 
(0.00476) (0.00275) (0.00412) (0.00187) (0.133) (0.00294) (0.00442) (0.00601) 
Constant 0.851*** 0.869*** 0.869*** 0.0540*** 46.88*** 0.850*** 0.859*** 0.850*** 
 





    Covariates No No No No No No No No 
Observations 92,160 248,563 248,563 246,246 249,002 248,046 248,046 248,046 
R-squared 0.000 0.002 0.002 0.000 0.000 0.000 0.000 0.000 
Standard errors in parentheses 
 
  
   *** p<0.01, ** p<0.05, * p<0.1 
 
  
   Notes: BMI is scaled to 0 at the cutoff, BMI=30. All regressions include an interaction between the cutoff and      
BMI to allow the slope to vary on either side of the obesity threshold. Regressions use the linear, quadratic, or 
cubic regression discontinuity specifications with respect to BMI, without any additional covariates.  All 
outcomes except age are indicator variables equal to 1 if true. Self-report in good health indicates if 
respondents think they are in good, very good, or excellent health. All regressions use population weights and 














































Notes: Plot shows the fitted values of the outcome and BMI using specification (1) with a bandwidth of 3, 
similar to column (2) of Table 7A. The intercepts and direction of discontinuity differ from the regression 
results because the plot is constructed without population weights. Dots are the averages within each bin.  
 
Figure 5. Visual Balance Test, NHIS Men 1980-2016 
 
Notes: Plot shows the fitted values of the outcome and BMI in a quadratic version of specification (1) at a 
bandwidth of 3, similar to column (3) of Table 7B. Intercepts differ from the regression results because 






Table 8. OLS Specification: Multivariate Regression of Health Outcomes on BMI 
A. NHIS Women, 1980-2016 
  (1) (2) (3) (4) (5) (6) 









              
BMI 0.00804*** 0.0158*** 0.000983*** 0.00145*** 0.00103*** 0.00171*** 
 
(6.83e-05) (0.000105) (4.45e-05) (5.26e-05) (4.67e-05) (8.15e-05) 
Constant 0.0272*** 0.0434*** 0.0154*** 0.00579 0.00693 0.00861 
 
(0.00674) (0.0104) (0.00446) (0.00526) (0.00470) (0.00814) 
       Covariates Yes Yes Yes Yes Yes Yes 
Observations 417,737 438,092 328,666 327,263 315,114 348,127 
R-squared 0.087 0.240 0.028 0.054 0.039 0.038 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    
       B. NHIS Men 
  (1) (2) (3) (4) (5) (6) 









              
BMI 0.00845*** 0.0187*** 0.00126*** 0.00241*** 0.00181*** 0.00142*** 
 
(9.76e-05) (0.000151) (6.97e-05) (9.50e-05) (8.84e-05) (0.000108) 
Constant 0.0642*** -0.0392*** 0.0595*** 0.107*** 0.0864*** 0.106*** 
 
(0.00775) (0.0121) (0.00560) (0.00763) (0.00713) (0.00868) 
       Covariates Yes Yes Yes Yes Yes Yes 
Observations 336,137 354,764 265,453 264,533 255,389 279,437 
R-squared 0.090 0.190 0.037 0.097 0.072 0.059 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    Notes: In all regressions, the outcome is regressed on BMI with covariates added. All outcomes are indicator 
variables equal to 1 if true. Covariates include age, age2, and age3, as well as indicators for race, ethnicity, and 












Table 9. Regression Discontinuity Results 
A. NHIS Women, 1980-2016  
  (1) (2) (3) (4) (5) (6) 









              
Cutoff at 
BMI=30 -0.00702* 0.00162 -0.00136 0.00132 0.000182 0.00378 
 
(0.00359) (0.00515) (0.00211) (0.00252) (0.00222) (0.00362) 
Constant 0.249*** 0.513*** 0.0451*** 0.0520*** 0.0235** 0.0747*** 
 
(0.0178) (0.0256) (0.0105) (0.0125) (0.0110) (0.0179) 
       Mean of 
Outcome  0.097 0.338 0.025 0.037 0.028 0.083 
       Covariates Yes Yes Yes Yes Yes Yes 
Observations 103,617 109,534 87,723 87,234 85,285 91,069 
R-squared 0.065 0.203 0.028 0.054 0.041 0.038 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
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B. NHIS Men, 1980-2016 
  (1) (2) (3) (4) (5) (6) 









              
Cutoff at 
BMI=30 0.000277 0.00148 0.000327 0.00518* 0.00394 0.00838*** 
 
(0.00322) (0.00492) (0.00219) (0.00294) (0.00270) (0.00325) 
Constant 0.246*** 0.402*** 0.101*** 0.192*** 0.154*** 0.136*** 
 
(0.0167) (0.0255) (0.0114) (0.0153) (0.0140) (0.0168) 
       Mean of 
Outcome  0.086 0.305 0.030 0.059 0.047 0.074 
       Covariates Yes Yes Yes Yes Yes Yes 
Observations 114,407 121,851 95,900 95,579 93,527 99,644 
R-squared 0.086 0.158 0.036 0.094 0.068 0.062 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    Notes:  BMI is scaled to 0 at the cutoff, BMI=30. All regressions are linear with a bandwidth of 3 on either 
side of the cutoff, and include an interaction between the cutoff and BMI to allow the slope to vary on either 
side of the obesity threshold. Outcome variable is an indicator equal to 1 if true. Covariates include age, age2, 
and age3, as well as indicators for race, ethnicity, and level of education (high school or above). All 
























Figure 6. Visual Representation of Significant RD Results, Women 
 
Notes: Plot shows the relationship between the residuals of the outcome regressed on the 
covariates in specification (1) at a bandwidth of 3 and BMI. Dots are the averages within each bin. Vertical 


























Figure 7. Visual Representation of Significant RD Results, Men 






















     B.  
     
     Notes: Plots show the relationship between the residuals of the outcome regressed on the 
covariates in specification (1) at a bandwidth of 3 and BMI. Dots are the averages within    






Table 10. OLS Specification: Multivariate Regression of Health Outcomes on BMI 
A. BRFSS Women  













              
BMI 0.00909*** 0.0124*** 0.00158*** 0.00111*** 0.0199*** 0.0138*** 
 
(2.15e-05) (3.88e-05) (1.69e-05) (1.59e-05) (0.000296) (0.000163) 
Constant -0.183*** -0.226*** -0.0158*** 0.00149** -0.275*** -0.191*** 
 
(0.000736) (0.00129) (0.000620) (0.000584) (0.00973) (0.00553) 
       Covariates Yes Yes Yes Yes Yes Yes 
Observations 4,269,660 2,862,022 3,097,927 3,109,797 82,978 223,459 
R-squared 0.098 0.164 0.045 0.042 0.104 0.085 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    
       B. BRFSS Men 













              
BMI 0.00917*** 0.0154*** 0.00217*** 0.00192*** 0.0213*** 0.0136*** 
 
(3.12e-05) (5.74e-05) (2.82e-05) (2.89e-05) (0.000420) (0.000237) 
 
-0.217*** -0.318*** -0.0403*** -0.0145*** -0.389*** -0.252*** 
Constant (0.000971) (0.00175) (0.000924) (0.000947) (0.0128) (0.00732) 
       Covariates Yes Yes Yes Yes Yes Yes 
Observations 2,995,966 2,010,584 2,145,479 2,154,324 58,591 152,824 
R-squared 0.101 0.125 0.077 0.078 0.096 0.074 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    Notes: In all regressions, the outcome is regressed on BMI with covariates added. All outcomes are indicator     
variables equal to 1 if true (diagnosed or given advice by doctor). Covariates include age (categorical) and 






Table 11. Regression Discontinuity Results 
A. BRFSS Women 














              
Cutoff at 
BMI=30 -0.00746*** -0.00434** -0.00229*** -0.00121 -0.00879 -0.00358 
 
(0.00116) (0.00199) (0.000868) (0.000813) (0.0140) (0.00809) 
Constant 0.0345*** 0.100*** 0.00220*** 0.0295*** 0.358*** 0.235*** 
 
(0.00154) (0.00262) (0.00117) (0.00109) (0.0187) (0.0107) 
       Mean of 
Outcome 0.116 0.285 0.045 0.039 0.533 0.378 
Covariates Yes Yes Yes Yes Yes Yes 
Observations 1,139,773 733,687 874,731 878,435 20,195 56,558 
R-squared 0.073 0.129 0.044 0.040 0.039 0.039 
Standard errors in parentheses 
     *** p<0.01, ** p<0.05, * p<0.1 
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B. BRFSS Men 














              
Cutoff at 
BMI=30 -0.000105 0.00499** 0.00294*** -0.000153 -0.0319** -0.0134* 
 
(0.00111) (0.00204) (0.00102) (0.00103) (0.0143) (0.00812) 
Constant 0.0160*** 0.103*** 0.0154*** 0.0364*** 0.222*** 0.145*** 
 
(0.00142) (0.00255) (0.00134) (0.00136) (0.0177) (0.0103) 
       Mean of 
Outcome 0.097 0.253 0.058 0.061 0.430 0.321 
Covariates Yes Yes Yes Yes Yes Yes 
Observations 1,095,299 713,440 819,436 822,918 19,875 54,179 
R-squared 0.092 0.094 0.075 0.075 0.052 0.046 
Standard errors in parentheses 
     *** p<0.01, ** p<0.05, * p<0.1 
     Notes: BMI is scaled to 0 at the cutoff, BMI=30. All regressions are linear with a bandwidth of 3 and include 
an interaction between the cutoff and BMI to allow the slope to vary on either side of the obesity threshold. 
Outcome variable is an indicator equal to 1 if true. Covariates include age (categorical) and indicators for race, 



























Table 12: Replication Test: RD Functional Form Test, Unrestricted Bandwidth 
Outcome: Have you ever been told you are diabetic? 
A. BRFSS Women 
  (1) (2) (3) (4) 
Specification  Linear Quadratic Linear Quadratic 
          
Cutoff at BMI=30 0.0254*** -0.00979*** 0.0315*** -0.00177*** 
 
(0.000501) (0.000691) (0.000492) (0.000678) 
Constant 0.105*** 0.130*** 0.0562*** 0.0776*** 
 
(0.000317) (0.000489) (0.000614) (0.000704) 
     Covariates No No Yes Yes 
Observations 4,334,532 4,334,532 4,268,028 4,268,028 
R-squared 0.054 0.055 0.100 0.101 
Standard errors in parentheses 
   *** p<0.01, ** p<0.05, * p<0.1 
   
     
     B. BRFSS Men 
  (1) (2) (3) (4) 
Specification  Linear Quadratic Linear Quadratic 
          
Cutoff at BMI=30 0.0245*** -0.00262*** 0.0281*** 0.000855 
 
(0.000576) (0.000765) (0.000559) (0.000743) 
Constant 0.0886*** 0.105*** 0.0206*** 0.0353*** 
 
(0.000352) (0.000517) (0.000713) (0.000786) 
     Covariates No No Yes Yes 
Observations 3,047,669 3,047,669 2,994,668 2,994,668 
R-squared 0.035 0.036 0.104 0.105 
Standard errors in parentheses 
   *** p<0.01, ** p<0.05, * p<0.1 
   Notes: BMI is scaled to 0 at the cutoff, BMI=30. All regressions include an interaction between the 
cutoff and BMI to allow the slope to vary on either side of the obesity threshold and include the full 
BMI range. Outcome variable is an indicator equal to 1 if a respondent has been diagnosed with 
diabetes. Each column of each panel represents a different functional form of BMI: linear (BMI) or 
quadratic (BMI2), with or without covariates. Regressions with covariates include age (categorical), and 





Table 13. Replication Test: RD Functional Form Test with Alternative Bandwidths 
Outcome: Have you ever been told you are diabetic? 
A. BRFSS Women 
  (1) (2) (3) (4) (5) (6) 
Functional Form Linear Quadratic 
Bandwidth 3 4 5 3 4 5 
              
Cutoff -0.00813*** -0.00722*** -0.00608*** -0.0207*** -0.0171*** -0.0132*** 
 
(0.00120) (0.00104) (0.000897) (0.00182) (0.00155) (0.00133) 
Constant 0.124*** 0.123*** 0.124*** 0.132*** 0.131*** 0.127*** 
 
(0.000850) (0.000714) (0.000590) (0.00140) (0.00115) (0.000948) 
   
  
   Covariates No No No No No No 
Observations 1,155,420 1,507,994 1,960,231 1,155,420 1,507,994 1,960,231 
R-squared 0.005 0.008 0.014 0.005 0.008 0.014 
         
  (7) (8) (9) (10) (11) (12) 
Functional Form Linear Quadratic 
Bandwidth 3 4 5 3 4 5 
              
Cutoff -0.00746*** -0.00666*** -0.00252*** -0.0170*** -0.0130*** -0.0131*** 
 
(0.00116) (0.00101) (0.000873) (0.00176) (0.00151) (0.00130) 
Constant 0.0345*** 0.0380*** 0.0442*** 0.0402*** 0.0434*** 0.0519*** 
 
(0.00154) (0.00132) (0.00111) (0.00188) (0.00158) (0.00132) 
   
  
   Covariates Yes Yes Yes Yes Yes Yes 
Observations 1,139,773 1,487,331 1,932,883 1,139,773 1,487,331 1,932,883 
R-squared 0.073 0.074 0.076 0.073 0.074 0.076 
Standard errors in parentheses 
     *** p<0.01, ** p<0.05, * p<0.1 
















B. BRFSS Men 
  (1) (2) (3) (4) (5) (6) 
Functional Form Linear Quadratic 
Bandwidth 3 4 5 3 4 5 
              
Cutoff at BMI=30 -0.000797 0.00272*** 0.00199** 0.00155 -0.00309** 0.000398 
 
(0.00116) (0.00101) (0.000878) (0.00173) (0.00150) (0.00130) 
Constant 0.104*** 0.102*** 0.102*** 0.104*** 0.106*** 0.104*** 
 
(0.000747) (0.000646) (0.000532) (0.00116) (0.001000) (0.000832) 
   
  
   Covariates No No No No No No 
Observations 1,113,788 1,442,998 1,889,995 1,113,788 1,442,998 1,889,995 
R-squared 0.006 0.009 0.013 0.006 0.009 0.013 
         (7) (8) (9) (10) (11) (12) 
Functional Form Linear Quadratic 
Bandwidth 3 4 5 3 4 5 
              
Cutoff at BMI=30 -0.000105 0.00228** 0.00346*** -0.000163 -0.00256* -0.000852 
 
(0.00111) (0.000972) (0.000847) (0.00167) (0.00145) (0.00126) 
Constant 0.0160*** 0.0178*** 0.0234*** 0.0183*** 0.0220*** 0.0282*** 
 
(0.00142) (0.00122) (0.00102) (0.00165) (0.00142) (0.00119) 
   
  
   Covariates Yes Yes Yes Yes Yes Yes 
Observations 1,095,299 1,419,088 1,858,331 1,095,299 1,419,088 1,858,331 
R-squared 0.092 0.093 0.093 0.092 0.093 0.093 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    Notes: BMI is scaled to 0 at the cutoff, BMI=30. All regressions include an interaction between the cutoff 
and BMI to allow the slope to vary on either side of the obesity threshold. Outcome variable is an indicator 
equal to 1 if a respondent has been diagnosed with diabetes. Each column of each panel represents a 
different test of functional form, bandwidth, and covariates: linear or quadratic and a bandwidth of 3, 4, or 
5 on either side of the cutoff. Regressions with covariates include age (categorical) and indicators for race, 













Table 14. OLS Specification: Multivariate Regression of C-Section on BMI 
Outcome: Deliver 1st born child via C-Section  
 
(1) (2) (3) (4) (5) 
      Pre-pregnancy BMI 0.0158*** 0.0431*** 0.0312*** 0.0304*** 0.0309*** 
 




-0.000505*** -0.000367** -0.000356** -0.000368** 
  
(0.000149) (0.000148) (0.000148) (0.000148) 
Mother's Age at Birth 
  
0.0914* 0.0937** 0.127*** 
   
(0.0470) (0.0472) (0.0493) 
Mother's Age at Birth, 
squared 
  
-0.00298 -0.00303* -0.00412** 
   
(0.00182) (0.00182) (0.00188) 
Mother's Age at Birth, 
cubed 
  
3.65e-05 3.67e-05 4.82e-05** 
   
(2.28e-05) (2.28e-05) (2.33e-05) 
Non-White 
   
0.0157 0.0166 
    
(0.0184) (0.0184) 
Hispanic 
   
0.0375 0.0307 
    
(0.0251) (0.0252) 
At least high school 
degree at time of birth 
    
-0.0463** 
     
(0.0196) 
Constant -0.119*** -0.466*** -1.241*** -1.265*** -1.568*** 
 
(0.0326) (0.107) (0.400) (0.402) (0.422) 
      Observations 4,468 4,468 4,468 4,468 4,468 
R-squared 0.027 0.029 0.056 0.057 0.058 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    Notes: Data comes from the NLSY79 and NLSY79 Children and Young Adults surveys. In all regressions, 
an indicator for whether the mother had her first-born child via C-section is regressed on her pre-pregnancy 















Table 15. Regression Discontinuity Results, Full Sample 
Outcome: Deliver 1st born child via C-Section  
  (1) (2) 
   Cutoff at BMI=30 0.0118 0.0279 
 
(0.0422) (0.0598) 
Pre-pregnancy BMI 0.0144*** 0.0113 
 
(0.00227) (0.00917) 
Cutoff*Pre-Pregnancy BMI -0.0142** -0.0138 
 
(0.00579) (0.0168) 










Mother's Age at Birth 0.128*** 0.128*** 
 
(0.0493) (0.0493) 
Mother's Age at Birth, squared -0.00416** -0.00415** 
 
(0.00188) (0.00188) 
Mother's Age at Birth, cubed 4.87e-05** 4.87e-05** 
 
(2.33e-05) (2.33e-05) 
Non-White 0.0166 0.0166 
 
(0.0184) (0.0184) 
Hispanic 0.0309 0.0308 
 
(0.0252) (0.0252) 
At least high school degree at time of birth -0.0454** -0.0459** 
 
(0.0196) (0.0197) 
Constant -0.964** -0.971** 
 
(0.417) (0.417) 
   Observations 4,468 4,468 
R-squared 0.058 0.058 
Standard errors in parentheses 
 *** p<0.01, ** p<0.05, * p<0.1 
 Notes: Data comes from the NLSY79 and NLSY79 Children and Young Adults surveys. BMI is 
scaled to 0 at the cutoff, BMI=30. All regressions use the full BMI distribution and include an 
interaction between the cutoff and BMI to allow the slope to vary on either side of the obesity 
threshold. Outcome variable is an indicator equal to 1 if a respondent gave birth to her first-born child 
through a C-section. Column (1) shows results of a linear functional form and column (2) shows 
results of a quadratic functional form. All regressions use population weights. 
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Table 16. Regression Discontinuity Results, Restricted Bandwidth 
Outcome: Deliver 1st born child via C-Section  
  (1) (2) (3) (4) 
Functional Form Linear Quadratic 
Bandwidth 5 10 5 10 
          
Cutoff at BMI=30 -0.0639 0.0746 -0.0438 -0.0612 
 
(0.0849) (0.0545) (0.121) (0.0812) 
Constant 1.062 -1.288** 1.070 -1.192** 
 
(1.304) (0.533) (1.306) (0.535) 
Mean of Outcome 0.374 0.374 0.374 0.374 
     Covariates Yes Yes Yes Yes 
Observations 714 3,086 714 3,086 
R-squared 0.056 0.045 0.058 0.047 
Standard errors in parentheses 
   *** p<0.01, ** p<0.05, * p<0.1 
   Notes: Data comes from the NLSY79 and NLSY79 Children and Young Adults surveys. BMI is scaled 
to 0 at the cutoff, BMI=30. All regressions include an interaction between the cutoff and BMI to allow 
the slope to vary on either side of the obesity threshold. Each column represents a different combination 
of functional form and bandwidth. Outcome variable is an indicator equal to 1 if a respondent gave birth 
to her first-born child through a C-section. All regressions use covariates for mother’s age at birth, 
mother’s age2 at birth, mother’s age3 at birth and indicators for non-white race, Hispanic ethnicity, and 

























Table 17. Regression Discontinuity Results, Older Mothers 
Outcome: Deliver 1st born child via C-Section  
  (1) (2) 
Bandwidth 5 10 
      
Cutoff at BMI=30 -0.0486 0.0767 
 
(0.0870) (0.0559) 
Pre-pregnancy BMI 0.0173 0.0125*** 
 
(0.0144) (0.00353) 
Cutoff*Pre-Pregnancy BMI 0.0107 -0.0379*** 
 
(0.0304) (0.0111) 
Mother Age 35 or older 0.365 0.0973 
 
(0.234) (0.115) 
Pre-Pregnancy BMI*Mother age 35 or older 0.0604 0.0263* 
 
(0.0607) (0.0143) 
Cutoff*Mother age 35 or older -0.368 -0.0929 
 
(0.368) (0.182) 
Constant 1.604 -1.425*** 
 
(1.350) (0.540) 
Mean of Outcome, conditional on Mother being at 
least 35 0.662 0.662 
   Covariates Yes Yes 
Observations 714 3,086 
R-squared 0.060 0.047 
Standard errors in parentheses 
 *** p<0.01, ** p<0.05, * p<0.1 
 Notes: Data comes from the NLSY79 and NLSY79 Children and Young Adults surveys. BMI is 
scaled to 0 at the cutoff, BMI=30. All regressions use a linear specification and include an interaction 
between the cutoff and BMI to allow the slope to vary on either side of the obesity threshold. Each 
column uses a different bandwidth. The coefficient of interest, bolded, is the interaction of the cutoff 
and an indicator for whether a mother was age 35 or older at the time she gave birth. Outcome 
variable is an indicator equal to 1 if a respondent gave birth to her first-born child through a C-
section. All regressions use covariates for mother’s age at birth, mother’s age2 at birth, mother’s age3 
at birth, and indicators for non-white race, Hispanic ethnicity, and having at least a high school 
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Source: National Institutes of Health (1998). Clinical Guidelines on the Identification, Evaluation, and 














Appendix Table 1: Health Outcomes constructed using NHIS Survey Questions 
Health Outcome  Definition   
Self-Report in Good Health  Rate general health as good, very good, or excellent 
Diabetes  Ever told diabetic 
Hypertension  Ever told have high blood pressure or hypertension at 
least once [constructed from a variable indicating 
whether respondent had been told they had 
hypertension more than once, just once, or never] 
Angina Ever told have angina or angina pectoris 
Coronary Heart Disease Ever told have coronary heart disease 
Heart Attack  Ever told have had heart attack or myocardial 
infarction 
Heart Condition  Ever told have heart condition other than coronary 
heart disease, angina pectoris, or heart 
attack/myocardial infarction  
 
 
Appendix Table 2: Health Outcomes constructed using BRFSS Survey Questions  
Health Outcome  Definition   
Self-Report in Good Health  Rate general health as good, very good, or excellent 
Diabetes  Ever told diabetic by a doctor 
High Blood Pressure Ever told have high blood pressure by doctor 
Coronary Heart Disease  Ever told you have angina or coronary heart disease by 
a doctor 
Heart Attack  Every told you had heart attack or myocardial 
infarction by a doctor 
Exercise to Reduce Heart Disease Risk  Advised by doctor to exercise more to lower risk of 
heart disease or stroke 
Change Diet to Reduce Heart Disease Risk Advised by doctor to eat fewer high fat or high 
























Notes: Plots show the relationship between the residuals of the outcome regressed on the covariates at a 
bandwidth of 10 and BMI before pregnancy. Dots are the averages within each bin, and the lines show the 








Appendix Table 3. NHIS Regression Discontinuity Results with Year Fixed Effects 
A. NHIS Women  
 (1) (2) (3) (4) (5) (6) 










              
Cutoff at 
BMI=30 -0.00643* 0.0024 -0.00162 0.00146 0.000207 0.00356 	 (0.00358) (0.00511) (0.00211) (0.00252) (0.00222) (0.00362) Constant 0.226*** 0.548*** 0.0458*** 0.0368*** -0.0201* 0.0936*** 	 (0.0186) (0.0265) (0.0109) (0.013) (0.0119) (0.0187) 	 	 	 	 	 	 	Mean of 
Outcome  0.067 0.249 0.021 0.03 0.022 0.078 	 	 	 	 	 	 	Covariates with 
year fixed 
effects 
Yes Yes Yes Yes Yes Yes 
Observations 103,617 109,534 87,723 87,234 85,285 91,069 
R-squared 0.068 0.215 0.03 0.056 0.042 0.039 
Standard errors in parentheses 		 		 		 		
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B. NHIS Men 
 (1) (2) (3) (4) (5) (6) 










       Cutoff at 
BMI=30 0.000144 0.000817 0.000408 0.00512* 0.00395 0.00844*** 	 (0.00321) (0.00489) (0.00219) (0.00294) (0.0027) (0.00325) Constant 0.214*** 0.405*** 0.102*** 0.175*** 0.0882*** 0.156*** 	 (0.0174) (0.0264) (0.0118) (0.0159) (0.0156) (0.0175) 	 	 	 	 	 	 	Mean of 
Outcome  0.07 0.248 0.026 0.053 0.043 0.07 	 	 	 	 	 	 	Covariates with 
year fixed 
effects 
Yes Yes Yes Yes Yes Yes 
Observations 114,407 121,851 95,900 95,579 93,527 99,644 
R-squared 0.089 0.171 0.037 0.096 0.07 0.063 
Standard errors in parentheses 	 	 	 	*** p<0.01, ** p<0.05, * p<0.1 	 	 	 	Notes: Regressions are identical to those reported in Table 9, but include year fixed effects in addition to all 
other covariates (age, age2, and age3, and indicators for race, ethnicity, and level of education). BMI is scaled to 
0 at the cutoff, BMI=30. All regressions are linear with a bandwidth of 3 on either side of the cutoff, and 
include an interaction between the cutoff and BMI to allow the slope to vary on either side of the obesity 
























Appendix Table 4. Discontinuity at Obesity threshold by age group, NHIS Women 
A. Age Group: 18-24 
  (1) (2) (3) (4) (5) (6) 









              
Cutoff at 
BMI=30 -0.00329 -0.00626 0.000674 0.00211 0.000183 0.00212 
 
(0.00601) (0.0133) (0.00233) (0.00308) (0.00168) (0.00886) 
       Observations 7,092 7,453 5,820 5,820 5,680 6,190 
R-squared 0.018 0.010 0.002 0.004 0.002 0.004 
       B. Age Group: 25-34 
  (1) (2) (3) (4) (5) (6) 









              
Cutoff at 
BMI=30 -0.00104 -9.92e-05 -0.00340* -0.000529 -0.00233 -0.00475 
 
(0.00484) (0.00962) (0.00192) (0.00170) (0.00182) (0.00628) 
       Observations 16,803 17,563 13,545 13,529 13,181 14,545 
R-squared 0.002 0.011 0.001 0.006 0.001 0.008 
       C. Age Group: 35-44 
  (1) (2) (3) (4) (5) (6) 









              
Cutoff at 
BMI=30 -0.00948 0.00434 -0.00193 -0.00215 0.00227 0.00900 
 
(0.00585) (0.0108) (0.00267) (0.00275) (0.00261) (0.00667) 
       Observations 18,910 20,122 15,322 15,282 14,965 16,381 
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D. Age Group: 45-54 
  (1) (2) (3) (4) (5) (6) 









              
Cutoff at 
BMI=30 0.00250 -0.00446 0.00338 0.0124*** 0.00227 0.00225 
 
(0.00831) (0.0132) (0.00406) (0.00445) (0.00394) (0.00805) 
       Observations 18,175 19,325 15,401 15,317 14,973 16,086 
R-squared 0.017 0.040 0.004 0.004 0.003 0.005 
Standard errors in parentheses 
    E. Age Group: 55-64 
  (1) (2) (3) (4) (5) (6) 









              
Cutoff at 
BMI=30 -0.0123 0.0107 0.00142 -0.00326 0.00174 0.0156 
 
(0.0107) (0.0147) (0.00597) (0.00694) (0.00592) (0.00982) 
       Observations 17,061 17,914 14,968 14,856 14,459 15,169 
R-squared 0.030 0.034 0.004 0.007 0.008 0.007 
       F. Age Group: 65 and Above 
  (1) (2) (3) (4) (5) (6) 









              
Cutoff at 
BMI=30 -0.0120 0.00530 -0.00660 -0.00105 -0.00287 -0.00276 
 
(0.00999) (0.0116) (0.00664) (0.00835) (0.00738) (0.00994) 
       Observations 25,576 27,157 22,667 22,430 22,027 22,698 
R-squared 0.023 0.020 0.008 0.013 0.013 0.011 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    Notes: BMI is scaled to 0 at the cutoff, BMI=30. All regressions are linear with a bandwidth of 3 on either side 
of the cutoff, and include an interaction between the cutoff and BMI to allow the slope to vary on either side of 
the obesity threshold. Outcome variable is an indicator equal to 1 if true, and covariates are included in each 






Appendix Table 5. Discontinuity at Obesity threshold by age group, NHIS Men 
A. Age Group: 18-24 
  (1) (2) (3) (4) (5) (6) 










              
Cutoff at 
BMI=30 -4.85e-05 -0.00537 -0.000696 -0.00354* -0.00107 -0.00583 
 
(0.00361) (0.0119) (0.00177) (0.00212) (0.000910) (0.00785) 
       Observations 7,617 8,074 6,174 6,171 6,001 6,552 
R-squared 0.003 0.009 0.001 0.001 0.002 0.002 
       B. Age Group: 25-34 
  (1) (2) (3) (4) (5) (6) 










              
Cutoff at 
BMI=30 0.00130 -0.00269 -0.00112 0.00251 -0.00261 0.00340 
 
(0.00316) (0.00887) (0.00177) (0.00176) (0.00175) (0.00476) 
       Observations 20,550 21,709 16,074 16,068 15,650 17,271 
R-squared 0.002 0.014 0.002 0.001 0.002 0.002 
       C. Age Group: 35-44 
  (1) (2) (3) (4) (5) (6) 










              
Cutoff at 
BMI=30 0.00906* -0.00392 0.000546 0.000970 0.00248 0.000575 
 
(0.00472) (0.00992) (0.00253) (0.00278) (0.00278) (0.00475) 
       Observations 24,410 26,173 19,413 19,383 18,977 20,805 
R-squared 0.011 0.020 0.002 0.004 0.004 0.003 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
















D. Age Group: 45-54 
  (1) (2) (3) (4) (5) (6) 










              
Cutoff at 
BMI=30 -0.00373 0.0140 -0.00158 0.00192 0.00847* 0.0198*** 
 
(0.00713) (0.0119) (0.00427) (0.00540) (0.00509) (0.00666) 
       Observations 22,940 24,465 19,299 19,234 18,825 20,163 
R-squared 0.022 0.033 0.003 0.007 0.005 0.004 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    
       E. Age Group: 55-64 
  (1) (2) (3) (4) (5) (6) 










              
Cutoff at 
BMI=30 0.00600 -0.00549 0.00187 0.0172* 0.00867 0.0209** 
 
(0.0105) (0.0141) (0.00695) (0.00948) (0.00861) (0.00968) 
       Observations 18,748 19,819 16,473 16,379 16,021 16,586 
R-squared 0.026 0.024 0.007 0.008 0.009 0.010 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    
       F. Age Group: 65 & Above 
  (1) (2) (3) (4) (5) (6) 










       Cutoff at 
BMI=30 -0.0151 0.00338 0.00403 0.0109 0.00514 0.00205 
 
(0.0120) (0.0137) (0.00863) (0.0121) (0.0109) (0.0120) 
       Observations 20,142 21,611 18,467 18,344 18,053 18,267 
R-squared 0.023 0.018 0.005 0.012 0.009 0.017 
Standard errors in parentheses 
    *** p<0.01, ** p<0.05, * p<0.1 
    Notes: BMI is scaled to 0 at the cutoff, BMI=30. All regressions are linear with a bandwidth of 3 on either side     
of the cutoff, and include an interaction between the cutoff and BMI to allow the slope to vary on either side of 
the obesity threshold. Outcome variable is an indicator equal to 1 if true, and covariates are included in each 
regression: age, age2, and age3, and indicators for race, ethnicity, and level of education. All regressions use 
population weights. 
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Appendix Table 6. Discontinuity at Overweight Threshold (BMI=25), NHIS 
A. Women 
 
(1) (2) (3) (4) (5) (6) 










BMI=25 0.000285 0.00429 -0.00299** -0.00239 0.000836 -0.00608** 
 
(0.00194) (0.00338) (0.00140) (0.00165) (0.00145) (0.00261) 
Constant 0.128*** 0.331*** 0.0204*** 0.0163** 0.0135** 0.0152 
 
(0.00895) (0.0157) (0.00650) (0.00765) (0.00673) (0.0121) 
       Observations 180,352 189,014 142,496 141,968 136,860 150,390 
R-squared 0.049 0.204 0.027 0.051 0.040 0.037 
Standard errors in parentheses 
     *** p<0.01, ** p<0.05, * p<0.1 
    
       
       A. Men 
 
(1) (2) (3) (4) (5) (6) 










BMI=25 -0.00252 -0.00311 0.00247 0.000955 0.000869 0.00145 
 
(0.00193) (0.00332) (0.00155) (0.00215) (0.00200) (0.00248) 
Constant 0.173*** 0.366*** 0.0667*** 0.120*** 0.0925*** 0.123*** 
 
(0.00882) (0.0152) (0.00705) (0.00977) (0.00910) (0.0113) 
       Observations 186,527 196,162 142,526 142,036 136,305 151,177 
R-squared 0.059 0.160 0.038 0.099 0.074 0.059 
Standard errors in parentheses 
     *** p<0.01, ** p<0.05, * p<0.1 
    Notes: BMI is scaled to 0 at the overweight cutoff, BMI=25. All regressions are linear with a bandwidth of 3 on 
either side of the cutoff, and include an interaction between the cutoff and BMI to allow the slope to vary on 
either side of the obesity threshold. Outcome variable is an indicator equal to 1 if true, and covariates are 
included in each regression: age, age2, and age3, and indicators for race, ethnicity, and level of education. All 












Appendix Table 7. RD Results Using Index of Health Outcomes 
  NHIS BRFSS 
 
(1) (2) (1) (3) 
 
Female Male Female Male 
          
Cutoff at BMI=30 0.00314 0.00238 -0.00722** 0.00877*** 
 
(0.00775) (0.00764) (0.00293) (0.00319) 
Constant 0.100** 0.200*** -0.231*** -0.281*** 
 
(0.0406) (0.0409) (0.00387) (0.00406) 
     Observations 127,974 146,814 1,145,320 1,101,710 
R-squared 0.116 0.119 0.091 0.093 
Standard errors in parentheses 
  *** p<0.01, ** p<0.05, * p<0.1 
  Notes: Outcome variable is an index of most health outcomes individually tested in Tables 9 and 11, 
constructed by calculating the z-score (using population weights) for each variable and taking the average 
of the z-scores across all outcomes. The coefficient at the cutoff should be interpreted as a change in 
standard deviation units. NHIS outcomes: hypertensive, angina, coronary heart disease, heart attack, other 
heart condition. BRFSS outcomes: high blood pressure, coronary heart disease, and heart attack. BMI is 
scaled to 0 at the cutoff, BMI=30. All regressions include an interaction between the cutoff and BMI to 
allow the slope to vary on either side of the obesity threshold and are limited to a bandwidth of 3 on each 
side. Covariates include age, race, ethnicity, and level of education, following specifications used in 
Tables 9 and 11 for the NHIS and BRFSS, respectively.  
 
